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Abstract

Human Action Recognition, which involves discerning human actions, is vital for

many real-world applications. Skeleton sequences, tracing human body joint tra-

jectories, capture essential human motions, making them appropriate for action

recognition. Compared to RGB videos or depth data, 3D skeleton data offers

concise representations of human behaviors, proving robust against appearance

variations, distractions, and viewpoint changes. This has led to increased interest

in skeleton-based action recognition research.

With the advance of deep learning, deep neural networks (e.g., CNN, RNN, and

GCN) have been widely studied to model the spatio-temporal representation of

skeleton action sequences under supervised scenarios. However, supervised learn-

ing methods typically necessitate substantial data with expensive labels for model

training, which is often challenging and costly to obtain. Additionally, labeling and

vetting massive amounts of real-world training data is certainly difficult, expen-

sive, or time-consuming. As such, learning effective feature representations with

minimal annotations becomes a critical necessity. Thus, in this thesis, we make

efforts to explore efficient ways to address this problem.

Particularly, we investigate the weakly-supervised, self-supervised, and one-shot

learning methods to solve the skeleton action recognition under the fewer label

issue:

• Collaborative Learning of Gesture Recognition and 3D Hand Pose

Estimation: We introduce a unique collaborative learning network designed

for simultaneous gesture recognition and 3D hand pose estimation, capital-

izing on joint-aware features. Additionally, we propose a weakly supervised

xxv
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learning scheme that is capable of leveraging hand pose (or gesture) annota-

tions to learn powerful gesture recognition (or pose estimation) models.

• Skeleton Cloud Colorization: We present the concept of self-supervised

action representation learning as a task of repainting 3D skeleton clouds. In

this framework, each skeleton sequence is viewed as a skeleton cloud and

processed using a point cloud auto-encoder. We introduce an innovative

colorization technique for the skeleton cloud where each point is colored ac-

cording to its temporal and spatial orders in the sequence. These color labels

act as self-supervision signals, greatly enhancing the self-supervised learning

of skeleton action representations.

• Multi-Scale Spatial-Temporal Skeleton Matching: We formulate one-

shot skeleton action recognition as an optimal matching problem and design

an effective network framework for one-shot skeleton action recognition. We

propose a multi-scale matching strategy that can capture scale-wise skeleton

semantic relevance at multiple spatial and temporal scales. Building on this,

we design a novel cross-scale matching scheme that can model the within-class

variation of human actions in motion magnitudes and motion paces.

To validate the efficacy of our proposed approaches, we carried out comprehensive

experiments across various datasets. The findings demonstrate a notable improve-

ment over existing methodologies.



Chapter 1

Introduction

1.1 Background

Human Action Recognition, i.e., recognizing and understanding human actions, is

vital for various real-world applications. Such recognition is essential for visual

surveillance systems, where identifying potentially dangerous human activities is

paramount, and for autonomous navigation systems that require understanding

human behaviors to ensure safe operations. Additionally, it is significant for diverse

applications including video retrieval, human-robot interaction, healthcare, sports

analysis, and entertainment.

Initially, research in human action recognition predominantly utilized RGB or

grayscale videos, owing to their accessibility and straightforward evaluation. How-

ever, recent developments [2–8] have broadened the scope to include a variety

of modalities, such as skeleton, depth, infrared sequences, point clouds, event

streams, and WiFi signals. Despite this expansion, RGB-based [9–11], depth-

based [6, 12, 13], and 3D skeleton-based methods [3, 14–16] remain central to

human action recognition. These approaches are valued for their complementary

nature and the comprehensive insights they offer into human motion and environ-

mental contexts.

1
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RGB video, depth video, and 3D skeleton data each fulfill unique roles within

human action recognition (HAR), presenting their own benefits and challenges.

RGB video offers rich visual details crucial for identifying actions but struggles

with varying lighting and background clutter. Depth video offers critical 3D spa-

tial insights, improving recognition within intricate settings but at the expense of

visual detail such as textures and colors. 3D skeleton data simplifies human mo-

tion into a series of joints, focusing on movement and posture with high efficiency

and robustness to environmental changes, though it may overlook important object

interactions. The choice among these data types hinges on the specific needs of the

human action recognition system, balancing between detail richness and computa-

tional efficiency. Skeleton data is particularly important for its direct capture of

human movement, making it indispensable for applications requiring real-time pro-

cessing and adaptability to diverse settings. Consequently, skeleton-based human

action recognition has garnered growing interest among researchers, highlighting

its significance in advancing the field.

Specifically, deep neural networks have been widely studied to model the spatio-

temporal representation of skeleton sequences under supervised scenarios [3, 14–

16]. For instance, Recurrent Neural Networks (RNNs), known for their aptitude in

capturing temporal relationships, have been instrumental in skeleton action model-

ing [3, 15, 17–19]. Convolutional Neural Networks (CNNs) have also been explored

to build skeleton-based recognition frameworks by converting joint coordinates to

2D pseudo-images [14, 20–22]. In the recent past, graph convolutional networks

(GCNs), which generalize CNNs to graph structures, have achieved increasing at-

tention and have been adopted in many studies [23–28]. However, supervised learn-

ing methods typically necessitate a large amount of data with expensive labels for

model training.

The standard workflow for skeleton-based human action recognition, illustrated in

Figure 1.1, involves two primary methods for acquiring skeleton data: first, through

a depth sensor, which is infrequently used in surveillance and similar applications;

second, by capturing data with an image sensor and then applying sophisticated
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Figure 1.1: The workflow for recognizing actions based on skeleton data

skeleton extraction or pose estimation algorithms to produce precise 2D/3D skele-

ton data. Collecting comprehensive training data for all action categories using

either method proves to be challenging and expensive. Moreover, the process of

labeling and reviewing vast quantities of real-world training data is arduous, costly,

and time-intensive, necessitating the meticulous work of skilled annotators or spe-

cialists. Consequently, developing efficient feature representations with minimal

annotation is of paramount importance.

In the realm of computer vision, especially the image recognition areas, the scarcity

of labeled data also poses a significant barrier to developing robust models. To

overcome this challenge, methodologies such as weakly-supervised, self-supervised,

and one-shot learning have been pivotal. Weakly-supervised learning [29–

31] utilizes loosely labeled datasets, enabling models to glean insights from data

that may not be precisely annotated, thus circumventing the intensive labor and

resources typically required for detailed labeling. Self-supervised learning [32–

34], by contrast, generates supervisory signals from the data itself, eliminating the

need for external labels and unlocking the potential of vast unlabeled datasets.

One-shot learning [35–37] pushes the boundaries further by enabling models to

recognize and generalize from extremely limited examples—often just one or a few

instances—thereby drastically reducing the need for extensive labeled datasets.
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These methodologies each uniquely mitigate the challenges posed by scarce labels,

markedly decreasing the dependence on thoroughly labeled datasets.

With limited research focused on the minimal labeling challenges in skeleton-based

action recognition, our thesis endeavors to forge new paths in addressing these

intricate issues through the lens of weakly-supervised, self-supervised, and one-

shot learning techniques.

1.2 Thesis Contributions

Since learning with fewer labels has emerged as a significant concern in the field

of skeleton action recognition, in this thesis, we address this pressing challenge

and propose several methods for different fewer-label scenarios, including weakly-

supervised, self-supervised, and one-shot learning approaches.

Our main contributions are stated as follows:

• Collaborative Learning of Gesture Recognition and 3D Hand Pose

Estimation (Chapter 3):

The first work delves into weakly-supervised learning techniques, specifically

focusing on gesture recognition and 3D hand pose estimation. In this con-

text, label information for both tasks is available, and the labels from one

task are employed as a weak supervisory signal for the other. We propose

a novel collaborative learning network that leverages joint-aware features for

both gesture recognition and 3D hand pose estimation simultaneously. To

the best of our knowledge, this is the first network that exploits and optimizes

joint-aware features for both gesture recognition and 3D hand pose estima-

tion. We design a multi-order feature analysis module that employs a novel

slow-fast feature analysis scheme to learn joint-aware motion features which

improves gesture recognition greatly. Moreover, we design a multi-scale rela-

tion module to learn hierarchical hand structure relations at multiple scales
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which enhances the performance of gesture recognition. Lastly, we propose

a weakly supervised learning scheme that is capable of leveraging hand pose

(or gesture) annotations to learn powerful gesture recognition (or pose es-

timation) models. The weakly supervised learning greatly relieves the data

annotation burden, especially considering the very limited annotated 3D pose

data and the wide availability of annotated hand gesture data.

• Skeleton Cloud Colorization (Chapter 4):

The second work delves deeper into self-supervised learning techniques for

3D skeleton action recognition. In this research, lacking explicit labels for

skeleton data, we utilize the data’s intrinsic properties as a source of self-

supervision. We formulate self-supervised action representation learning as

a 3D skeleton cloud repainting problem, where each skeleton sequence is

treated as a skeleton cloud and can be directly processed with a point cloud

auto-encoder framework. We propose a novel skeleton cloud colorization

scheme that colorizes each point in the skeleton cloud based on its temporal

and spatial orders in the skeleton sequence. Notably, these color labels act as

self-supervision signals, substantially enhancing the efficacy of self-supervised

skeleton action representation learning. Additionally, we further extend the

design of our skeleton colorization methods with the Masked Skeleton Cloud

Repainting task and propose a more powerful coarse-fine alignment frame-

work for better feature pre-training.

• Multi-Scale Spatial-Temporal Skeleton Matching (Chapter 5):

The third work delves into one-shot learning for 3D skeleton action recogni-

tion. We formulate one-shot skeleton action recognition as an optimal match-

ing problem and design an effective network framework for one-shot skeleton

action recognition. We propose a multi-scale matching strategy that can cap-

ture scale-wise skeleton semantic relevance at multiple spatial and temporal

scales. Building on this, we design a novel cross-scale matching scheme that

can model the within-class variation of human actions in motion magnitude

and paces. To the best of our knowledge, this is the first work that exploits
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multi-scale representations and cross-scale matching to capture multi-scale

skeleton semantic relevance and maintains consistency across motion scales

in one-shot skeleton action recognition.

1.3 Organization of Thesis

Chapter 1 introduces the background and challenges of skeleton action recognition

with fewer labels, the major contribution of our work, and the organization of the

thesis.

Chapter 2 reviews the related work of gesture recognition and 3D hand pose estima-

tion, supervised, Self-Supervised, and One-Shot skeleton-based action recognition

methodologies.

Chapter 3 introduces our work that tackles the weakly-supervised learning for both

gesture recognition and 3D hand pose estimation with a collaborative learning

strategy.

Chapter 4 focuses on self-supervised representation learning in skeleton action

recognition with the 3D skeleton cloud colorization method.

Chapter 5 presents our approach to address the one-shot learning challenge in

skeleton action recognition with a method based on optimal matching, multi-scale

matching, and cross-scale matching.

Chapter 6 summarizes the work included in the thesis and discusses possible future

directions.



Chapter 2

Literature Review

In this Chapter, we review the existing methods that are relevant to our proposed

methods for skeleton-based action recognition wih fewer labels.

2.1 Gesture Recognition and 3D Hand Pose

Estimation

Gesture and Action Recognition. Many early gesture and action recognition

methods were developed based on handcrafted features [38–41]. With the advance

of deep learning, Convolutional neural networks (CNNs) have been applied to ges-

ture recognition and action recognition. Simonyan and Zisserman [10] proposed a

two-stream architecture, where one stream operates on RGB frame, and the other

on optical flow. Many works follow and extend their framework [9, 42, 43], all of

which utilized optical flow to capture motion information. Wang et al. [44] built a

new motion representation: RGB difference, which stacks the differences between

consecutive frames, to save the time of optical flow extraction. Both the optical

flow [10, 44] and RGB difference [44] computations are pre-processed, which is

independent of the learning procedure.

7



8
2.1. Gesture Recognition and 3D Hand Pose

Estimation

Inspired by the above-mentioned works, in our work presented in Chapter 3, we

propose a novel multi-order multi-stream feature analysis module, which is operated

at the intermediate features that capture more discriminative and representative

motion information as compared to the original video data. To further refine this,

a slow-fast feature analysis module is added to consolidate the features of both the

slow and fast-moving joints at multiple orders, which significantly enhances the

gesture-aware features for more reliable gesture recognition.

3D Hand pose estimation. 3D hand pose estimation from RGB images has

received much attention recently [45–48]. However, only a few papers [49, 50]

focused on performing gesture recognition and 3D hand pose estimation from RGB

videos jointly. Tekin et al. [50] predicted hand pose and action categories first, and

then used the predicted information to do gesture recognition. In contrast, in our

work presented in Chapter 3, we introduce an innovative collaborative learning

approach. This method capitalizes on joint-aware features for synchronized 3D

pose estimation and gesture recognition, iteratively enhancing the performance of

both tasks. Furthermore, our approach also facilitates weakly-supervised learning

for 3D hand pose estimation.

Joint gesture/action recognition and 3D pose estimation. Gesture (or ac-

tion) recognition and 3D pose estimation are highly related, leading many papers

perform gesture (or action) recognition based on the outcomes of pose estimation.

In the Skeleton-based gesture (or action) recognition studies [15, 51–53], joint loca-

tion (pose) information is used for recognizing the gesture (or action) categories. In

RGB-based action recognition, Liu et al. [54] proposes to recognize human actions

via pose estimation maps. Both Nie et al. [55] and Luvizonet al. [49] integrate pose

estimation and action recognition within a unified network. However, they did not

consider these two tasks mutually to optimize the performance of each other, i.e.,

they performed the two tasks either in a parallel way or in a sequential way.

In contrast to the aforementioned methods, in our work presented in Chapter 3,

we design a novel collaborative learning method that boosts the learning of gesture
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recognition and 3D hand pose estimation in an iterative manner, as shown in Fig.

3.1. To the best of our knowledge, our method is the first that learns gesture-aware

and hand pose-aware information for boosting the two tasks progressively.

Weakly-Supervised learning on 3D hand pose estimation. Over recent

years, several papers focus on weakly-supervised learning in 3D pose estimation

and 3D hand pose estimation areas, since it is hard to obtain 3D pose annotations.

Cai et al. [56] proposed a weakly-supervised adaptation method by bridging the

gap between fully annotated images and weakly-labeled images. Zhou et al. [57]

transformed knowledge from 2D pose to 3D pose estimation network using re-

projection constraint to 2D results. Chen et al. [58] used multi-view 2D annotation

as the weak supervision to learn geometry-aware 3D representations.

All aforementioned methods still used 2D joint information as the weak supervision

to generate 3D hand poses. In contrast, in Chapter 3, we propose that the gesture

label can also be used as weak supervision for 3D hand pose estimation. Our

experiments show the efficacy of this weak-supervised learning method.

2.2 RGB-Based Action Recognition

Early methods in RGB-based action recognition relied heavily on handcrafted fea-

tures, as demonstrated in early research [38–41]. However, the progression of deep

learning has seen 2D Convolutional Neural Networks (CNNs) becoming pivotal in

action recognition domains. A notable advancement came from Simonyan and Zis-

serman [10], who introduced a dual-stream architecture that analyzes RGB frames

in one stream and optical flow in another, laying the foundation for subsequent

enhancements in the field. This framework has been expanded upon by [9, 42, 43],

all of whom incorporated optical flow to effectively capture motion. Diverging from

traditional optical flow methods, Wang et al. [44] developed an innovative motion

representation called RGB difference, which leverages the frame-to-frame changes,

offering a time-efficient alternative to optical flow calculation.
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Later, following the introduction of large-scale datasets like Kinetics [59], a signifi-

cant body of research [9, 42, 60, 61] has evolved 2D Convolutional Neural Networks

(CNNs) into 3D structures to capture both spatial and temporal contexts within

videos, a critical aspect of human action recognition. Notably, Tran et al. [60] intro-

duced the C3D model, a 3D CNN designed to learn spatio-temporal features from

raw videos through an end-to-end learning approach. Carreira and Zisserman [9]

developed the Inflated 3D CNN (I3D), which extends a 2D CNN into the temporal

domain by inflating its convolutional and pooling layers. Xie et al. [43] furthered

I3D’s development by integrating a mix of 3D and 2D convolutional filters within

the I3D framework, adding temporally separable convolutions, and implementing

spatio-temporal feature gating to improve Human Action Recognition. Diba et

al. [62] proposed a novel block for embedding into architectures like ResNext and

ResNet, designed to analyze the inter-channel correlations in 3D CNNs relative to

temporal and spatial features. Feichtenhofer et al. [63] crafted a dual-pathway 3D

CNN architecture, featuring both slow and fast pathways that process RGB frames

at varying frame rates to simultaneously capture semantic content and motion de-

tails.

Following the Vision Transformer’s (ViT) [64] breakthrough in image recognition,

its methodologies were adapted for video recognition. Bertasius et al. [65] expanded

the application of ViT to videos by segmenting each video into sequences of frame-

level patches and introduced a novel attention mechanism that separately processes

spatial and temporal attentions within each segment of the model. Arnab et al. [66]

developed variants of a pure-Transformer network by segregating the Transformer

encoder’s components across spatial and temporal dimensions for enhanced video

analysis. Yan et al. [67] unveiled the Multiview Transformers, which feature multi-

ple distinct encoders, each tailored to a specific input representation, with lateral

connections between these encoders to seamlessly integrate diverse input video rep-

resentations. Liu et al. [68] transitioned the Swin Transforme [69]r from its original

image recognition domain to video recognition, leveraging spatiotemporal locality

to inform the model’s inductive bias.
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2.3 Skeleton-Based Action Recognition

Skeleton-based action recognition has recently garnered significant attention in the

research arena. Initial approaches centered on extracting handcrafted features from

skeleton sequences to recognize actions. These handcrafted feature methodologies

can be broadly categorized into joint-based and body part-based techniques. Due

to the strong feature learning capability, recent methods for skeleton-based action

recognition pay more attention to deep networks. Deep-learning based skeleton

action recognition methods employ Recurrent Neural Networks (RNNs), Convolu-

tional Neural Networks (CNNs), Graph Convolution Networks (GCNs), or Trans-

formers, to learn skeleton-sequence representation directly. Specifically, RNNs have

been widely used to model temporal dependencies and capture motion features for

skeleton-based action recognition. For example, Du et al. [17] used a hierarchical

RNN model to represent human body structures and temporal dynamics of the

body joints. Liu et al. [3, 15] proposed a 2D Spatio-Temporal LSTM framework to

employ the hidden sources of action-related information over both spatial and tem-

poral domains concurrently. Zhang et al. [19] added a view-adaptation scheme to

the LSTM to regulate the observation viewpoints. Song et al. [70] proposed a Deep

LSTM with spatial-temporal attention, where a spatial attention sub-network and

a temporal attention sub-network work jointly.

CNN-based methods [14, 20–22, 71, 72] have also been proposed for skeleton action

recognition. They usually transform the skeleton sequences into skeleton maps of

the same target size and then use CNNs to learn the spatial and temporal dynamics

or apply temporal convolution on skeleton sequences. For example, Du et al. [20]

and Li et al. [21] transformed a skeleton sequence to an image by treating the joint

coordinate (x,y,z) as the R, G, and B channels of a pixel and then adopted CNNs

for action recognition. Ke et al. [14] transformed the 3D skeleton sequence into

three skeleton clips, which are then fed to a CNN network for robust action feature

learning. Wang et al. [22] presented a “scene flow to action map” representation for

action recognition with CNNs. Kim et al. [72] utilized the Temporal CNN (TCN),



12 2.3. Skeleton-Based Action Recognition

which provides a way to explicitly learn interpretable spatial-temporal representa-

tions for skeleton-based action recognition. Li et al. [71] designed an end-to-end

convolutional framework for learning co-occurrence features with a hierarchical

methodology.

Inspired by the observation that the human 3D skeleton is naturally a topological

graph, Graph Convolutional Networks (GCN) have attracted increasing attention

in skeleton-based action recognition. For example, Yan et al. [73] presented a

spatial-temporal GCN to learn both spatial and temporal patterns from skeleton

data. Shi et al. [16] used a non-local method to learn the individual topology of

graphs instead of using the manually designed one. Additionally, Shi et al. [16]

proposed a two-stream Adaptive GCN with the additional bone information. Peng

et al. [74] recognized actions by searching for different graphs at different layers

via neural architecture search. To reduce computational costs of GCNs, Cheng

et al. [75] designed a Shift-GCN, which leverages the shift graph operations and

lightweight point-wise convolutions. Chen et al. [76] proposed a Channel-wise

Topology Refinement Graph Convolution (CTR-GC) to learn different topologies

in different channels for skeleton-based action recognition. More recently, Chi et

al. [77] proposed InfoGCN, which combines an information bottleneck framework

to learn informative representation and an attention-based graph convolution that

infers context-dependent skeleton topology.

The advent of vision transformers has led to the application of transformer-based

methodologies in analyzing skeleton data. Recent studies [78–83]. have successfully

adapted the Transformer model to recognize actions from skeleton data, taking

into account both spatial and temporal dimensions. Specifically, Wang et al. [83]

introduced the IIP-Transformer, employing self-attention mechanisms to discern

the interconnections among joints. Meanwhile, Gao et al. [81] developed the FG-

STFormer, aimed at understanding the intricate relations between pivotal local

joints and the overarching global context across spatial and temporal planes. Zhang

et al. [80] explored various joint organization strategies to spatiotemporally model

the skeleton sequence. Additionally, Ahn et al. [84] proposed a spatio-temporal
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cross-transformer that includes an encoder and decoder designed to learn feature

representations for cross-modal data.

Though the aforementioned methods have demonstrated remarkable results, they

all use supervised learning, requiring a large amount of labeled data which is pro-

hibitively time-consuming to collect. In this thesis, we study self-supervised repre-

sentation learning (Chapter 4) and one-shot learning (Chapter 5) in skeleton-based

action recognition, which mitigates the data labeling constraint greatly.

2.4 Self-Supervised Representation learning based

Skeleton-Based Action Recognition

Self-supervised action recognition aims to learn effective feature representations by

predicting future frames of input sequences or by re-generating the sequences. Most

existing methods focus on RGB videos or RGB-D videos. For example, Srivastava

et al. [85] used an LSTM-based Encoder-Decoder architecture to learn video rep-

resentations. Luo et al. [86] used an RNN-based encoder-decoder framework to

predict the sequences of flows computed with RGB-D modalities. Li et al. [87]

used unlabeled video to learn view-invariant video representations.

Self-supervised skeleton-based action recognition was largely neglected though a

few works have attempted to address this challenging task very recently. For ex-

ample, Zheng et al. [88] presented a GAN encoder-decoder to re-generate masked

input sequences. Kundu et al. [89] adopted a hierarchical fusion approach to im-

prove human motion generation. Su et al. [90] presented a decoder-weakening

strategy to drive the encoder to learn discriminative action features. In recent

years, with the development of contrastive learning, several self-supervised con-

trastive skeleton-based action recognition methods have emerged. Rao et al. [91]

used the momentum encoder [34] for contrastive learning with single-stream skele-

ton sequence, while Li et al. [92] proposed a cross-stream knowledge mining strategy

to improve the performance with multi-types of skeleton sequences. Guo et al. [93]
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Action Recognition

introduced an extreme augmentation strategy to force the model to learn more

general representation by providing harder contrastive pairs. Kim et al. [94] pro-

posed GL-Transformer, which is able to effectively capture the global context and

local dynamics of the sequence. Zhang et al. [95] followed the SimSiam [96] struc-

ture and introduces a novel positive-enhanced learning strategy for unsupervised

skeleton representation learning. Zhang et al. [97] proposed a new hierarchical

contrastive learning framework, HiCLR, to take advantage of the strong augmen-

tations.

The aforementioned methods process skeleton sequences frame by frame and ex-

tract temporal features from ordered sequences or leverage contrastive learning

to process the self-supervised skeleton action recognition by contrastive pairs. In

Chapter 4, we instead treat a skeleton sequence as a novel colored skeleton cloud by

stacking human joints of each frame together. We design a novel skeleton coloriza-

tion scheme and leverage the color information for self-supervised spatial-temporal

representation learning. Additionally, we introduce two types of colorization strate-

gies (fine-grained and coarse-grained colorization) by assigning colors from different

spatial levels and different temporal levels.

2.5 One-Shot learning based Skeleton-Based

Action Recognition

One-shot Skeleton Action Recognition has attracted increasing interest in recent

years. Leveraging the NTU RGB+D 120 dataset, Liu et al. [98] first presented

an Action-Part Semantic-Relevance aware (APSR) approach for one-shot skeleton

action recognition. Sabater et al. [99] introduced a one-shot action recognition

approach based on a Temporal Convolutional Network (TCN). Memmesheimer et

al. [100] proposed formulating the one-shot skeleton action learning problem as a

deep metric learning problem. Additionally, Memmesheimer et al. [101] presented

an image-based skeleton representation, which performs well in the deep metric
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learning manner. Ma et al. [102] proved that maximally preserving disentangled

joint-level spatial features is beneficial to increase representation diversity and rec-

ognizability for few-shot classes in one-shot skeleton action recognition. Wang et

al. [103] proposed JEANIE, which performs the joint alignment of temporal blocks

and simulated viewpoint indexes of skeletons between support-query sequences

to select the smoothest path without abrupt jumps in matching temporal loca-

tions and view indexes. In a more recent study, Wang et al. [104] introduced the

uncertainty-DTW, which take into account the uncertainty of in frame-wise (or

block-wise) features by selecting the path which maximizes the Maximum Like-

lihood Estimation (MLE). Zhu et al. [105] devised a metric that centers on the

summation of similarity measures for aligned local embedding.

Most existing methods take the skeleton representation as a whole and measure

the skeleton similarity globally which often misses useful structure and temporal

information. In contrast, in Chapter 5, we propose to treat one-shot skeleton action

recognition as an optimal matching problem and design multi-scale matching and

cross-scale matching which capture the scale-wise semantic relevance and maintain

the spatial and temporal consistency across different scales, respectively.





Chapter 3

Collaborative Learning of Gesture

Recognition and 3D Hand Pose

Estimation with Multi-Order

Feature Analysis

In our first work, we focus on the co-training on gesture recognition and 3D hand

pose estimation. A new learning strategy, collaborative learning, is introduced

for these two tasks. In addition, we propose a weakly supervised learning scheme

that is capable of leveraging hand pose (or gesture) annotations to learn power-

ful gesture recognition (or pose estimation) models. This methodology addresses

the challenges associated with fewer labels by leveraging the weakly supervised

technique.

3.1 Introduction

Gesture recognition and 3D hand pose estimation are both challenging and fast-

growing research topics, which have recently garnered ongoing interest due to their

17



18 3.1. Introduction

Figure 3.1: Overview of our proposed network architecture for gesture recog-
nition and 3D hand pose estimation from videos. The input is video frames, and
the output is predicted gesture class of the video and 3D hand joint locations
of each video frame. The process flow of our network can be divided into 5
stages: (1) Generating J . (2) Generating P and Predicting 3D Hand Pose. (3)
Aggregating input to Gesture Sub-Network. (4) Generating G and Recognizing
Gesture Class. (5) Aggregating input to Pose Sub-Network. (As shown by the
(1) - (5) in this Figure). Stage (2) to (5) are operated in an iterative way (details
are introduced in Chapter 3.2.1).

wide range of applications in human-computer interaction, robotics, virtual reality,

augmented reality, etc. The two tasks are closely correlated, as they both heavily

rely on joint-aware features, i.e., features related to the hand joints [15, 48]. On the

other hand, the two tasks are often tackled separately by dedicated systems [46,

51, 53, 56, 106]. Even though some recent efforts [49, 50, 107] attempt to handle

the two tasks at one go, they do not take into account to iteratively gain benefits

from mutual learning of them.

In this chapter, we propose to perform gesture recognition and 3D hand pose es-

timation mutually. We design a novel collaborative learning strategy to exploit

joint-aware features that are crucial for both tasks, with which gesture recogni-

tion and 3D hand pose estimation can learn to boost each other progressively, as

illustrated in Fig. 3.1.

Inspired by the successes methodologies [10, 44] that utilize motion information
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for recognizing human activity in videos, we exploit motion information for bet-

ter gesture recognition by focusing more on joint-aware features. Specifically, we

distinguish slow-moving and fast-moving hand joints and exploit such motion in-

formation in the intermediate network layers to learn enhanced and enriched joint-

aware features. In addition to this, we propose a multi-order multi-stream feature

analysis module that exploits more discriminative and representative joint motion

information according to the derived intermediate joint-aware features.

Additionally, annotating 3D hand poses is often very laborious and time-consuming.

To address this issue, we propose a weakly supervised 3D pose estimation technique

that is capable of learning accurate 3D pose estimation models from the gesture

labels which are widely available in many video data. We observe that weakly

supervised learning significantly improves 3D pose estimation, particularly when

only a few samples with 3D pose annotations are incorporated. This improvement

is largely attributed to the use of joint-aware features, beneficial to both gesture

recognition and 3D hand pose estimation tasks. At the other end, the weakly su-

pervised learning approach can also learn accurate gesture estimation models from

hand image sequences with 3D pose annotations with similar reasons.

The contributions of this work are summarized as follows:

• We propose a novel collaborative learning network that leverage joint-aware

features for both gesture recognition and 3D hand pose estimation simulta-

neously. To the best of our knowledge, this is the first network that exploits

and optimizes the joint-aware features for both gesture recognition and 3D

hand pose estimation.

• We design a multi-order feature analysis module that employs an innovative

slow-fast feature analysis scheme to learn joint-aware motion features, which

significantly improves gesture recognition.

• We propose a multi-scale relation module to understand hierarchical hand

structure relations at multiple scales, which clearly enhances the performance

of gesture recognition.
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• We propose a weakly supervised learning scheme that is capable of leverag-

ing hand pose (or gesture) annotations to learn powerful gesture recognition

(or pose estimation) models. The weakly supervised learning significantly

alleviates the burden of data annotation, especially considering the scarcity

of annotated 3D hand pose data and the wide availability of annotated hand

gesture data.

3.2 Methodology

We predict gesture categories and 3D hand joint locations directly from RGB im-

age sequences as illustrated in Fig. 3.1. Specifically, image sequences, which are

centered on the hand, serve as input to a pre-trained ResNet [108] that facilitates

the learning of joint-aware feature maps J (as shown in Fig. 3.1). Subsequently,

the learned J is fed into the pose sub-network and gesture sub-network, which col-

laboratively learn to generate more discriminative features. The whole network is

trained in an end-to-end manner, with further details presented in the subsequent

sub-chapters.

3.2.1 Collaborative Learning for Gesture Recognition and

3D Hand Pose Estimation

Gesture recognition and 3D hand pose estimation are both intrinsically related

to joint-level features. The location of joints plays a crucial role in skeleton-based

action and gesture recognition, while gesture classes also carry valuable information

about potential hand postures that is useful for hand pose estimation.

We propose a collaborative learning method that simultaneously learns the gesture

features and 3D hand pose features mutually in an iterative way, as illustrated in

Fig. 3.1. As described above, the pre-trained ResNet [108] is used to extract the

joint-aware feature maps J . Specifically, we equally divide the joint-aware feature
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maps J to N groups, where N is the number of hand joints, i.e. J = {Ji|i =

1, ..., N}, and Ji is the subset of feature maps representing the joint i (i ∈ [1, N ]).

Pose Sub-Network: Following previous work [48, 57, 109], we first utilize a Pose

Feature Analysis module to estimate the 2D heatmaps based on the intermediate

features for generating the 3D hand pose. The Pose Feature Analysis module is

composed of two parts: 2D hand pose estimation and depth regression, which is

similar to [48, 57, 109]. For the 2D hand pose estimation part, its input are the

joint-aware feature maps J and its output are N heatmaps (denoted by H). Each

heatmap Hi is a H ×W matrix that represents the 2D probability distribution of

each joint in the image.

Follow the deep regression module in [57, 109], we aggregate the joint-aware feature

maps J and the generated 2D heatmaps H using a 1 × 1 convolution, followed by

a summation operation. The summed feature maps are the input of the deep

regression module. Here, the 1 × 1 convolution is used to map the generated

2D heatmaps H and the joint-aware feature maps J to the same size. The deep

regression module contains a sequence of convolutional layers with pooling and a

fully connected layer in order to regress the depth values D = {Di|i = 1, ..., N},

where Di represents the depth value of the ith joint.

Since the output of pose sub-network is the input of the gesture sub-network, and

pose sub-network and gesture sub-network operate iteratively (as shown in Fig.

1), we set the input and output of pose sub-network the same size. To achieve

this, we first duplicate the depth values to match the heatmaps’ size, and then

concatenate them with 2D heatmaps. For each joint, the depth value is a scalar,

while heatmap’s size is H ×W . Therefore, we duplicate depth value HW to align

with the size of the heatmaps and facilitate feature concatenation. Subsequently,

a 1 × 1 convolution is used to map the concatenated feature maps and the joint-

aware feature maps J to the same size to generate the output of pose sub-network,

named pose-optimized joint-aware feature maps P (see Fig. 3.1).
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Gesture Sub-Network: The input of Gesture Sub-Network is obtained by ag-

gregating the joint-aware feature maps J and pose-optimized joint-aware feature

maps P with 1 × 1 convolution followed by a summation. The resultant feature

maps are fed to the Gesture Feature Analysis module to generate the gesture-

optimized joint-aware feature maps G and gesture category y (see Fig 3.1). Where

the Gesture Feature Analysis module contains a sequence of convolutional layers

as well as temporal convolution (TCN) layers to get the temporal relation, TCN

layers are used here to predict the gesture class y.

Collaborative learning method: As shown in Fig. 3.1, we design a collaborative

learning strategy to perform gesture recognition and 3D hand pose estimation in

an iterative way. Our proposed framework’s learning processes can be described in

the following stages:

1. Generating J : The pre-trained ResNet [108] is used to learn the joint-aware

feature maps J .

2. Generating P and Predicting 3D Hand Pose: The learned feature maps

J are fed to Pose Feature Analysis module (shown in Fig. 3.1) to generate

3D hand poses (2D Heatmaps H and depth values D), as well as the pose-

optimized joint-aware feature maps P .

3. Aggregating input to Gesture Sub-Network: The 1 × 1 convolution is

used to generate intermediate feature maps by aggregating the joint-aware

feature maps J and the pose-optimized joint-aware feature maps P .

4. Generating G and Recognizing Gesture Class: The intermediate fea-

ture maps are fed to Gesture Feature Analysis module as input to generate

the gesture-optimized joint-aware feature maps G and to recognize gesture

category y.

5. Aggregating input to Pose Sub-Network: We aggregate the gesture-

optimized joint-aware feature maps G and the joint-aware feature maps J

with 1 × 1 convolution followed by a summation. The aggregated feature
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maps are fed to the next iteration’s Pose Sub-Network as input for further

feature learning.

6. Stage 2 to 5 repeat in an iterative way to perform gesture recognition and

hand pose estimation collaboratively for further improving the performance.

3.2.2 Multi-Order Multi-Stream Feature Analysis

Figure 3.2: Illustration of the multi-order multi-stream feature analysis mod-
ule: With the zero-order features Zo as input, the multi-order multi-stream
analysis generates motion information on the intermediate features including
first-order slow & fast features and second-order slow & fast features. These four
motion features, together with the zero-order features, are fed to five multi-scale
relation modules (more details in Fig. 3.3), respectively, to generate gesture-
optimized joint-aware feature maps G and gesture category y. The generated G
are aggregated with joint-aware feature maps J and fed to the pose sub-network
for pose feature learning. Our multi-order multi-stream feature analysis module
participates in the Gesture Feature Analysis module, as shown in Fig. 3.1.

As discussed in Chapter 2, prior studies have shown that motion information such

as optical flow [10, 44] is crucial in video-based recognition. As we aim to learn
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joint-aware features, we propose a multi-order multi-stream feature analysis module

as shown in Fig. 3.2 to learn the motion information based on the joint-aware fea-

tures. The proposed multi-order multi-stream module participates in the Gesture

Feature Analysis module (see Fig. 3.1).

Since the pre-trained ResNet [108] and our pose sub-network operate at the image

level, their respective feature maps correspond to hand joints within an image.

We name the image-level features as Zero-Order Features (denote by Zo, which

stand for pose information and static information), as shown in the top line of

Fig. 3.2, the cubes represent the feature maps of the corresponding hand joints.

Zero-Order features form N × C × H ×W tensors, where N is the total number

of hand joints, C is the number of channels for each hand joint, H and W are the

height and width of feature maps, respectively.

First-Order Features can be seen as velocity features. A temporal neighborhood

pair of feature maps is constructed from the entire Zero-Order Features as follows:

U1 = {⟨Zot−1, Zot⟩ : t ∈ T}, (3.1)

Fot = Zot − Zot−1, (3.2)

where T denotes the length of input image sequences. First-order features of each

joint are calculated by subtracting features of one frame from the previous frame.

We derive the first-order features (denoted by Fo) by subtracting Zot−1 from Zot

as in Eq. 3.2.

Second-Order Features can be seen as the acceleration features. We construct

a triplet subset for each frame’s features:

U2 = {⟨Zot−1, Zot, Zot+1⟩ : t ∈ T}, (3.3)

Sot = (Zot+1 − Zot) − (Zot − Zot−1) = (Fot+1 − Fot). (3.4)
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Similar to the manner of getting first-order features, the second-order features

of each joint are calculated by subtracting features of current frame’s first-order

features from its previous frame’s first-order features. We use Fot+1 minus Fot to

get the second-order features (So) by Eq. 3.4.

Slow-fast Feature Analysis: Slow and fast moving joints are both useful in

gesture recognition. The features representing static tendency joints and motion

tendency joints encode different levels of motion information. Instead of directly

considering these motion features aggregately, we introduce a method for slow-fast

feature analysis that distinctly learns these varying levels of motion. Specifically,

we develop a strategy to categorically distinguish between slow-moving and fast-

moving joint features derived from the First-Order Features (Fo) and Second-Order

Features (So). In this way, both static tendency joints and motion tendency joints

can be exploited.

Both first-order features and second-order features tensors are of the shape N ×

C ×H ×W (the same as the zero-order ones). We first reshape these features to

N × CHW matrices (where N is the number of hand joints), and then calculate

the L2 norm on each joint’s first-order and second-order feature vector (with the

shape of 1×CHW ) from the reshaped features matrices, respectively. This results

in N L2 norm results, denoted by Feature Difference (FD = {FDi|i = 1, ...N},

a N × 1 vector). Each FDi is a value representing the motion magnitude of its

corresponding joint. We then adopt Gaussian distributions to derive the feature

maps of slow-moving and fast-moving joints. For slow motion analysis, we aim to

enhance features from the more static joints, i.e., assign larger weights to joints that

move more slowly. We use a Gaussian function (with FDmin as mean and (FDmax−

FDmin)/3 as standard deviation) to map FD values to weights (FDmin/FDmax

denotes the min/max FD values). Following this mapping, the weight of the joint

with the min/max motion magnitude (FDmin/FDmax) will be close to 1/0. Given

that there are N hand joints, we obtain a N × 1 slow vector that contains weights

for the features of N joints. In a similar fashion, we aim to enhance features from

the more dynamic joints using the fast motion analysis module. We thus set FDmax
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Figure 3.3: Illustration of the multi-scale relation module: The multiple scale
analysis processes the feature maps from the slow-fast feature analysis at three
different levels to generate relations at each level. It interact with the Gesture
Sub-network by applying temporal convolution (TCN) on Level 3 (containing
global information) to generate the classification scores. Node up-sampling is
applied to keep the input and output of the same shape.

and (FDmin − FDmax)/3 as the mean and standard deviation. In this way, the

joint with the min motion magnitude will be given a weight close to 0, while the

joint with the max motion magnitude will assign a weight nearing 1.

When the slow and fast motion analysis modules apply on the first-order and

second-order features Fo and So, we obtain four N×1 vectors that contain weights

of features of N joints as shown in Fig. 3.2: 1) First-order slow vector (fos); 2)

First-order fast vector (fof ); 3) Second-order slow vector (sos); and 4) Second-order

fast vector (sof ). All these four vectors are used to refine the zero-order features

Zo which are first reshaped to an N × CHW matrix and then multiplied with

these four vector separately. The embedding features are then reshaped back to

N ×C ×H ×W tensors, namely, first-order-slow features, first-order-fast features,

second-order-slow features and second-order-fast features as shown in Fig. 3.2.

These four features, together with the zero-order features, are fed to the multi-scale

relation module (details to be discussed in Chapter 3.2.3), respectively. Finally,

the results of each stream are averaged to derive the gesture-optimized joint-aware

feature maps G and the gesture category y.
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3.2.3 Multi-scale relation module

The different levels of semantic information contained in the hierarchical struc-

ture of the hand can be defined with different scales. As shown in Fig. 3.3, we

present three levels, where level-1 is the local level consisting of the hand joints,

and level-2 is the middle level representing five fingers and the palm. For level-3, we

see the hand globally as complete holistic information. Following the connection

between contiguous scales, we employ structure pooling to perform feature aggre-

gation across these three scales. Further, we employ a Temporal Convolutional

Network (TCN) to identify the gesture class y at level-3, leveraging the global

information it contains.

Structure pooling refers to the process of applying average pooling over the hand

joints by following the hierarchical physical structure of the hand to perform step-

wise feature aggregation. We first average features of the joints that belong to each

finger or palm, in order to generate features for the five fingers and palm (see Fig.

3.3). Subsequently, we average the features of five fingers and the palm to obtain

the final global features, representing the full hand.

Additionally, we calculate a relation matrix for each level to better learn the fea-

tures at each scale. Take the first level as an example; the whole feature map

size is N × C × H × W . We first activate it through two embedding functions

(1× 1× 1 convolution). The two embedding features are rearranged and reshaped

to a N × CHW matrix and CHW × N matrix. We then multiply these matri-

ces to obtain a N × N relation matrix, where each value signifies the degree of

relation between each pair of joints. The softmax function is used here to do the

normalization. In this way, we can derive relation matrices for each level, which

are subsequently used to refine the feature maps at each scale of the hand.

To maintain the input and output of this module in the same shape, we use the node

up-sampling method: joints’ features from the higher level are duplicated to the

corresponding child joint in the lower level. Moreover, we utilize skip-connections

(as illustrated by the thin blue arrows in Fig 3.3) across various spatial scales
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of the hand to enhance multi-scale hand feature learning and retain the original

information. Our multi-scale network participates in each stream of the multi-order

multi-stream module, as shown in Fig. 3.2.

3.2.4 Weakly-Supervised Learning Strategy

Weakly-supervised 3D hand pose estimation using gesture labels: An-

notation of 3D poses is typically a time-consuming and complex task, making it

challenging to accumulate a large volume of video samples with 3D pose annota-

tions for training purposes. In supervised learning, the pose-optimized joint-aware

feature maps P and the gesture-optimized joint-aware feature maps G are learned

based on the joint-aware feature maps J . Consequently, we introduce a weakly-

supervised learning technique that utilizes gesture labels as weak supervision to

facilitate 3D hand pose estimation. We provide different ratios of training data

with 3D pose annotations in the training process.

Weakly-supervised gesture recognition using pose labels: When only a

few videos have gesture labels, we can similarly use 3D hand pose annotations as

weak supervision to assist in gesture recognition. We incorporate different propor-

tions of training data annotated with gesture labels during training, enhancing the

versatility of our approach.

3.2.5 Training

In the training process, we utilize the following loss functions:

2D Heatmaps loss. L2d =
∑N

n=1 ∥Hn−Ĥn∥22, This loss measures the L2 distance

between the predicted heatmaps Hn and the ground-truth heatmaps Ĥn.

Depth Regression loss. L3d =
∑N

n=1 ∥Dn − D̂n∥22, where Dn and D̂n are the

estimated and the ground truth depth values, respectively. L3d is also based on the

L2 distance.
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Classification loss. We use the standard categorical cross-entropy loss to super-

vise the gesture classification process, which is Lc = CrossEntropy(y, ỹ). Here, y

stands for the class predicted score, and ỹ is the ground truth category.

Fully-Supervised training strategy. In our implementation, we first fine-tune

the ResNet-50 to make it sensitive to human joint information. We then train the

entire network in an end-to-end manner with the objective function:

L = λ2dL2d + λ3dL3d + λcLc. (3.5)

Weakly-Supervised training strategy. Based on Eq. 3.5, we set λ2d = 0

and λ3d = 0 when the samples do not have 3D pose annotations and we use

gesture categories as weak supervision for 3D hand pose estimation. Analogously,

we set λc = 0 for video sequences without gesture labels, where we use 3D pose

annotations as weak supervision for gesture recognition.

3.3 Experiments

Implementation Details: We implement our method with the PyTorch frame-

work, and optimize the objective function with the Adam optimizer with mini-

batches of size 4. The learning rate starts from 10−4, with a 10 times reduction

when the loss is saturated. Following the same setting in [57, 109], the input im-

age is resized to 256 × 256, and the heatmap resolution is set at 64 × 64. In the

experiment, the parameters in the objective function are set as follows: λ2d = 1,

λ3d = 0.001 and λc = 0.001. For the weakly-supervised learning, we choose

15% to 40% samples as the weakly supervision samples and set λ2d = 0 and λ3d = 0

when the samples do not have 3D pose annotations (gesture categories are used

as weak supervision for 3D hand pose estimation). Similarly, we set λc = 0 for

video sequences without gesture labels, where 3D pose annotations are used as

weak supervision for gesture recognition as described in Section 3.2.4.
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Figure 3.4: Sample snapshots from the FPHA [1] dataset.

Following [44], each input video is divided into K segments, and a short clip is

randomly selected from each segment in training. For testing, each video is similarly

divided into K segments, and one frame is selected from each segment to make

sure that temporal space between adjacent frames is equal to T/K. The final

classification scores are computed by the average over all clips from each video,

and the pose estimation is presented on the image level.

Datasets: We perform extensive experiments on the large-scale and challenging

dataset: First-Person Hand Action (FPHA) [1] for simultaneous gesture recognition

and 3D hand pose estimation. To the best of our knowledge, this is the only

publicly available dataset that provides labels of accurate 2D & 3D hand poses

and gesture labels. The dataset consists of 1175 gesture videos with 45 gesture

classes. The videos are performed by 6 actors under 3 different scenarios. A total

of 105, 459 video frames are annotated with accurate hand pose and action classes.

Fig. 3.4 shows some samples of the FPHA datasets. Both 2D and 3D annotations

of the total 21 hand keypoints are provided for each frame. We follow the protocol

in [1, 50] and utilize 600 video sequences for training and the remaining 575 video

sequences for testing.
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Evaluation Metrics: We adopt the widely used metrics for the evaluation of

gesture recognition and 3D hand pose estimation. For gesture recognition, we

directly evaluate the accuracy of video classification. For 3D pose estimation,

we use the percentage of correct keypoints (PCK) score that evaluates the pose

estimation accuracy with different error thresholds.

3.3.1 Experimental Results

Gesture Recognition: Table 3.1 shows the comparison with state-of-the-art ges-

ture recognition methods. It can be seen that our method outperforms the state-of-

the-art by up to 3%, showing its effectiveness in gesture recognition. Additionally,

augmenting each of our proposed module (multi-scale relation, multi-order multi-

stream, and collaborative learning strategy) results in an incremental improvement

in the performance of gesture recognition.

Table 3.1: Comparisons to state-of-the-art gesture recognition methods:
“Baseline” means 1-iteration network with no multi-order feature analysis and
multi-scale relation.

Model Input modality Accuracy
Joule-depth [110] Depth 60.17%
Novel View [4] Depth 69.21%
HON4D [12] Depth 70.61%
FPHA + LSTM[1] Depth 72.06%
Two-stream-color [10] Color 61.56%
Joule-color [110] Color 66.78%
Two-stream-flow [10] Color 69.91%
Two-stream-all [10] Color 75.30%
[50] - HP Color 62.54%
[50] - HP + AC Color 74.20%
[50] - HP + AC + OC Color 82.43%

Baseline Color 72.17%
Baseline + multi-scale Color 78.26%
Baseline + multi-scale + multi-order Color 83.83%
Baseline + multi-scale + multi-order + 2-iterations Color 85.22%

3D Hand Pose Estimation: We compare our method with prior works on FPHA

as shown in the first graph in Fig. 3.5. Table 3.2 shows three 3D PCK results at
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three specific error thresholds. It can be seen that our method outperforms the

state-of-the-art with a large range between 0mm and 30mm. Interestingly, even

though we use color images, our results are better than [1] that uses depth images

which demonstrates the advantage of our proposed method.

0 10 20 30 40 50

Error Threshold (mm)

0

0.2

0.4

0.6

0.8

1

3D
 P

C
K

Hernando et al. (Depth)
Tekin et al.(RGB)
Ours (RGB)

0.15 0.2 0.25 0.3 0.35 0.4

Ratio of pose labelled samples

0.75

0.8

0.85

0.9

A
cc

ur
ac

y(
P

C
K

@
30

)

w/o Weakly-Supervised
w Weakly-Supervised

0.15 0.2 0.25 0.3 0.35 0.4

Ratio of gesture labelled samples

0.3

0.35

0.4

0.45

0.5

0.55

0.6

A
cc

ur
ac

y

w/o Weakly-Supervised
w Weakly-Supervised

Figure 3.5: Left: Comparison on 3D hand pose estimation. Middle and
Right: Comparison between our weakly supervised method and the baseline
model.
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Figure 3.6: Qualitative illustration of our proposed method: It shows the
predicted 2D poses shown on the original image. It also compares the predicted
3D poses (the blue-color structures) and the Ground Truth 3D poses (the red-
color structures).

Qualitative results on 3D Hand Pose Estimation: Fig. 3.6 illustrates 3D

pose estimations by our method. We compare the ground truth 3D poses (in blue-

color structures) and the predicted 3D pose (in red-color structures) within the

same 3D coordinate system. In addition, we also provide the predicted 2D poses

in the original RGB image. As demonstrated in Fig. 3.6, our method is capable of

accurately predicting 3D poses of different orientations with different backgrounds.
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Table 3.2: Comparisons on 3D pose estimation: Numbers are the percentage
of correct keypoint (PCK) over respective error threshold, more results available
in Fig. 3.5 (left). Our results are based on the proposed 2-iterations multi-order
structure.

Error Threshold(mm) PCK@20 PCK@25 PCK@30
Hernando (Depth)[1] 72.13% 82.08% 87.87%
Tekin (RGB)[50] 69.17% 81.25% 89.17%
Ours (RGB) 81.03% 86.61% 90.11%

3.3.2 Weakly-supervised Learning

Weakly-supervised results on 3D hand pose estimation: We present mul-

tiple experiments on our weakly-supervised method by providing different ratios

(15% to 40%) of samples with pose labels (gesture labels are provided for all train-

ing samples) and compare with the baseline that does not use gesture labels. Fig.

3.5 (middle) illustrates the 3D PCK@30 (percentage of correct keypoint when er-

ror threshold smaller than 30mm) results for both the baseline and our weakly-

supervised method. It can be seen that the 3D hand pose estimation is improved

significantly for all labeled ratios when weak supervision is included. This validates

the beneficial role of joint-aware features in gestures for enhancing 3D hand pose

estimation.

Weakly-supervised results on gesture recognition: We compare our weakly

supervised method that uses pose labels as weak supervision for gesture recognition

with the baseline, which does not use pose labels. We conduct experiments by pro-

viding different ratios of training samples with gesture labels, while the pose labels

of all samples are given. As shown in Fig. 3.5 (right), our weakly-supervised learn-

ing improves gesture recognition significantly for all labeled ratios. This validates

that joint-aware features inherent in hand poses can improve gesture recognition

performance greatly.

3.3.3 Ablation Studies

Impact of the number of network iterations: Table 3.3 shows the 3D PCK
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Table 3.3: Evaluation of our proposed network on gesture recognition and pose
estimation with respect to different iteration numbers.

Iteration (itr) number 1-itr 2-itr 3-itr 4-itr 5-itr
Pose estimation (PCK@30) 87.2% 89.3% 89.8% 89.9% 89.9%
Gesture recognition accuracy 78.3% 80.9% 81.7% 81.9% 82.0%

Table 3.4: Evaluation of our proposed gesture recognition network with differ-
ent combinations of motion features of different orders and slow-fast patterns.
(All experiments below are conducted using the 2-iteration network. ∆ indicates
the accuracy improvement compared to the zero-order model.)

Network setting Accuracy ∆
1 Zero-order 80.87%
2 Zero-order + First-order slow-fast 82.61% 1.74%

Zero-order + Second-order slow-fast 83.80% 2.93%
3 Zero-order + First and Second order slow 82.96% 2.09%

Zero-order + First and Second order fast 82.09% 1.22%
4 Zero-order + First and Second order slow-fast 85.22% 4.35%

results and classification results of our method under different iterations of collabo-

rative learning. It can be seen that our method improves with increasing iterations.

This can be expected since hand pose estimation and gesture recognition learn in

a collaborative manner and boost each other. It’s worth noting that the improve-

ment of 3D PCK and gesture recognition slows down with the increase of iterations.

We use the two-iteration network in the experiment for the balance between accu-

racy and computational complexity. Note all these comparisons are based on the

zero-order framework.

Effect of the multi-order module: We analyze the advantage of our proposed

multi-order module by implementing four variants as shown in Table 3.4 (part 1, 2,

and 4). It can be seen that adding first-order and second-order slow-fast features

leads to an accuracy improvement of 1.7% and 2.9%, respectively. Our multi-order

module (Zero-order + First and Second order slow-fast) achieves the best accuracy

at 85.22%, demonstrating its effectiveness.

Effect of the slow feature and fast feature: We also evaluate the impact of

the slow-fast features, and Table 3.4 (part 3) shows the results. It can be seen that

the slow features and the fast features can improve the accuracy by 2.1% and 1.2%,

respectively, and the best accuracy is obtained when both features are included.
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Effect of the multi-scale relation: We also assess the effectiveness of our multi-

scale relation module, and Table 3.1 shows experimental results. As illustrated by

Table 3.1, removing the multi-scale relation module leads to around 6% accuracy

drop as compared with the “Baseline” and “Baseline + multi-scale”, showing the

benefit of the proposed multi-scale relation.

3.4 Summary

In this chapter, we presented a collaborative learning method for joint gesture

recognition and 3D hand pose estimation. Our model learns in a collaborative way

to recurrently exploit the joint-aware feature to progressively boost the performance

of each task. We have developed a multi-order multi-stream model to learn motion

information in the intermediate feature maps and designed a multi-scale relation

module to extract semantic information at hierarchical hand structure. To learn

our model in scenarios that lack labeled data, we leverage one fully-labeled task’s

annotations as weak supervision for the other very sparsely labeled task. Our

proposed collaborative learning network achieves state-of-the-art performance for

both gesture recognition and 3D hand pose estimation tasks.





Chapter 4

Self-Supervised 3D Action

Representation Learning with

Skeleton Cloud Colorization

In the previous chapter, we introduced a weakly-supervised learning approach for

gesture recognition and 3D hand pose estimation. Nonetheless, this method still

relies on the label information of another task within the same sample for weak

supervision. In this chapter, we present a self-supervised technique that exclusively

uses the inherent attributes of the data as its supervisory signal, addressing the

challenges associated with fewer labels.

4.1 Introduction

Human action recognition is a fast-developing area due to its relevance to a wide

range of applications in human-computer interaction, video surveillance, game con-

trol, etc. According to the types of input data, human action recognition can be

grouped into different categories such as RGB-based [9–11], depth-based [6, 12, 13],

and 3D skeleton-based [3, 14–16], etc. Among these types of data modalities, 3D

37
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skeleton sequences, which represent a human body by the locations of keypoints in

the 3D space and characterize informative human motions, have attracted increas-

ing attention in recent years. Compared with RGB videos or Depth videos, 3D

skeleton data encodes high-level representations of human behaviors and is gener-

ally lightweight and robust to variations in appearances, surrounding distractions,

viewpoint changes, etc. Additionally, with the development of depth sensors (e.g.,

Microsoft Kinect, Asus Xtion, and Intel RealSense3D), skeleton sequences can be

easily captured which triggers a large number of supervised methods that have

been designed to learn spatio-temporal representations for skeleton-based action

recognition.

Specifically, deep neural networks have been widely studied to model the spatio-

temporal representation of skeleton sequences under supervised scenarios [3, 14–16].

For example, Recurrent Neural Networks (RNNs) have been explored for modeling

skeleton actions since they can capture temporal relations well [3, 15, 17–19]. Con-

volutional Neural Networks (CNNs) have also been explored to build skeleton-based

recognition frameworks by converting joint coordinates to 2D pseudo-images [14,

20–22]. Recently, graph convolutional networks (GCNs), which generalize con-

volutional neural networks (CNNs) to graphs structures, have achieved increas-

ing attention and have been adopted in many studies [23–28] with outstanding

performance [16, 73, 74]. However, most of these methods are fully-supervised

which require a large number of labeled training samples that are often costly

and time-consuming to collect. How to learn effective feature representations with

minimal annotations becomes critically important. Recently, several work [88–

90, 92, 111, 112] explores representation learning from unlabeled skeleton data for

the task of skeleton action recognition, and the main technical line is to reconstruct

skeleton data from the encoded features via certain encoder-decoder structures.

Though remarkable progress has been achieved, self-supervised skeleton-based ac-

tion representation learning remains a concerned problem.

In this work, we propose to represent a skeleton sequence as a 3D skeleton cloud,

and design a self-supervised representation learning scheme that learns features
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Figure 4.1: The pipeline of our proposed self-supervised representation learn-
ing with skeleton cloud colorization. Given a 3D skeleton sequence, we first
stack it into a raw skeleton cloud Pr and then colorize it into 3 skeleton clouds
Pτ , Ps, and Pp (construction details shown in Fig. 4.3 (a), Fig. 4.4 (a) and
Fig. 4.5) according to spatial, temporal, and person-level information, respec-
tively. With the three colorized clouds as self-supervision signals, three encoder-
decoders (with the same structure but no weight sharing) learn discriminative
skeleton representative features.

from spatial and temporal color labels. We treat a skeletal sequence as a spatial-

temporal skeleton cloud by stacking the skeleton data of all frames together and

colorizing each point (fine-grained colorization) in the cloud according to its

temporal and spatial orders in the original skeleton sequence. Specifically, we

learn spatial-temporal features from the corresponding joints’ colors by leveraging

a point-cloud based auto-encoder framework as shown in Fig. 4.1. By repainting

the whole skeleton cloud, our network can achieve self-supervised skeleton repre-

sentation learning successfully by learning both spatial and temporal information

from skeleton sequences.

The above-mentioned colorization approaches primarily concentrate on learning

spatial and temporal information at the single-frame and single-joint levels, ignor-

ing the temporal dependence across frames and the spatial relationship between
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different pairs of joints. To address this issue, we propose a new type of coloriza-

tion (coarse-grained colorization). This method colorizes each point in the

cloud according to the order of its corresponding multi-frame segment and body

parts. On top of that, we design a two-stream auto-encoder framework that learns

the skeleton representation from both fine-grained and coarse-grained color labels,

while simultaneously aligning the learned representations between various levels of

spatial and temporal colorization.

Inspired by the Mask Auto-Encoder (MAE), we also design a Masked Skeleton

Cloud Repainting task. The primary purpose of this task is to pretrain the auto-

encoder framework, aiming to facilitate the learning of more discriminative and

informative self-supervised representations. To cater to the specific requirements

of the skeleton action recognition task, we design five mask sampling strategies:

random masking, temporal-only masking, segment masking, spatial-only masking,

and body-part masking.

The contributions of this work are summarized as follows:

• We formulate self-supervised action representation learning as a 3D skele-

ton cloud repainting problem, where each skeleton sequence is treated as a

skeleton cloud and can be directly processed with a point cloud auto-encoder

framework.

• We propose a novel skeleton cloud colorization scheme that assigns colors

to each point in the skeleton cloud based on its temporal and spatial orders

in the skeleton sequence. The color labels ‘fabricate’ self-supervision signals,

which significantly enhance the process of self-supervised skeleton action rep-

resentation learning.

• We further extend the design of our skeleton colorization methods with the

Masked Skeleton Cloud Repainting task and propose a more powerful coarse-

fine alignment framework for better feature pre-training.
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Figure 4.2: The overall definition of our designed skeleton cloud colorization
schemes. (a) Illustration of the colorization scheme. Top: Definition of each
color channel (RGB) when varying k (where k ∈ [1,K]). Bottom: The cor-
responding color of index k. (b) The general formula of the R, G, B color
distribution of Fig. 4.2 (a). (c) The specific parameters selection for the de-
signed four types of colorization scheme. The processings and visualizations of
temporal, spatial, coarse-temporal, coarse-spatial colorization can be found in
Fig. 4.3 and Fig. 4.4.

• Extensive experiments show that our method outperforms state-of-the-art

unsupervised and semi-supervised skeleton action recognition methods by

large margins, and its performance is also on par with supervised skeleton-

based action recognition methods.

4.2 Method

In this section, we present our masked skeleton cloud colorization representation

learning method that converts the skeleton sequence to a skeleton cloud and col-

orizes each point in the cloud by its spatial-temporal properties. The construction

of the skeleton cloud is covered in Section 4.2.1, followed by a detailed description

of the colorization process in Section 4.2.2 In Section 4.2.4, we present the repaint-

ing pipeline. We introduce the coarse-fine skeleton cloud colorization and masking

strategy in Section 4.2.3 and Section 4.2.5, respectively. Finally, the training details

are described in Section 4.2.6.
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4.2.1 Data Processing

Given a skeleton sequence under a global coordinate system, the jth skeleton joint

in the tth frame is denoted as vt,j = [xt,j, yt,j, zt,j], where t ∈ (1, · · · , T ) and j ∈

(1, · · · , J) represent the frame and joint indices respectively. Here, T signifies the

total number of frames and J stands for the total body joints. Generally, skeleton

data is defined as a sequence, and the set of joints in the tth frame are represented as

Vt = {vt,j|j = 1, ..., J}. We propose to treat all the joints in a skeleton sequence as

a whole by stacking all frames’ data together, and Fig. 4.1 illustrates the stacking

framework. We name the stacked data as the skeleton cloud and denote it by

Pr = {vt,j = [xt,j, yt,j, zt,j]|t = 1, ..., T ; j = 1, ..., J}. As a result, the resultant 3D

skeleton cloud consists of N = T ×J 3D points in total. We use Pr to represent the

raw skeleton cloud so as to differentiate it from the colorized clouds to be described

later.

4.2.2 Skeleton Cloud Colorization

Points within our skeleton cloud are positioned with 3D coordinates (x, y, z), akin

to a conventional point cloud, which comprises unordered points. The spatial

relation and temporal dependency of skeleton cloud points are crucial in skeleton-

based action recognition, but they are largely neglected in the aforementioned raw

skeleton cloud data. To address this, we propose an innovative skeleton cloud

colorization method, designed specifically to leverage these spatial and temporal

dependency of skeleton cloud points for skeleton-based action recognition.

Temporal Colorization. Temporal information plays a crucial role in action

recognition. To assign each point in the skeleton cloud a temporal feature, we

colorize the skeleton cloud points according to their relative time order (from 1 to

T ) in the original skeleton sequence. Different colorization schemes have been re-

ported, and here we adopt the colorization scheme that uses 3 RGB channels [113],

as illustrated in Fig. 4.2 (a). This colorization scheme works by linear mapping,
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Figure 4.3: The pipelines of temporal colorization and temporal coarse-grained
colorization. (a) Given a skeleton sequence, the temporal colorization colorizes
points based on the relative temporal order t (t ∈ [1, T ]) in the sequential data.
(b) The coarse-grained temporal colorization colorizes points based on the index
of segments s (s ∈ [1, S]). (Best viewed in color)

which can assign similar colors to points of adjacent frames and help the learn-

ing of temporal order information. The general formulation of the R, G, B color

distribution for Fig. 4.2 (a) is shown in Fig. 4.2 (b), and the specific parameter se-

lection can be found in Fig. 4.2 (c)(i). Based on this, the formulation for temporal

colorization is:

rτt,j =

−2 × (t/T ) + 1, if t <= T/2,

0, if t > T/2,
(4.1)

gτt,j =

 2 × (t/T ), if t <= T/2,

−2 × (t/T ) + 2, if t > T/2,
(4.2)

bτt,j =

 0, if t <= T/2,

2 × (t/T ) − 1, if t > T/2.
(4.3)

With this colorizing scheme, we can assign unique colors to points from different

frames based on the frame index t, as illustrated in Fig. 4.3 (a). More specifi-

cally, with this temporal-index based colorization scheme, each point will have a

3-channels feature that can be visualized with red, green, and blue channels (RGB

channels) to represent its temporal information. Together with the original 3D

coordinate information, the temporally colorized skeleton cloud can be represented

as Pτ = {vτt,j = [xt,j, yt,j, zt,j, r
τ
t,j, g

τ
t,j, b

τ
t,j]|t = 1, ..., T ; j = 1, ..., J}.
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Figure 4.4: The pipelines of spatial colorization and spatial coarse-grained
colorization. (a) Given a skeleton sequence, the temporal colorization colorizes
points based on the relative spatial order j (j ∈ [1, J ]) in the sequential data.
(b) The spatial colorization colorizes points based on the index of body part p
(p ∈ [1, P ]). (Best viewed in color)

Spatial Colorization. In addition to temporal data, spatial information plays a

crucial role in action recognition. To emphasize this, we employ a similar coloriza-

tion scheme to colorize spatial information as illustrated in Fig. 4.2. The scheme

assigns different colors to different points according to their spatial orders j ∈ [1, J ]

(J is the total number of joints in the skeleton cloud of a person), as shown in Fig.

4.4 (a). The specific parameter selection for spatial colorization can be found in

Fig. 4.2 (c)(ii). Based on this, the formulation for temporal colorization can be

represented as:



Chapter 4. Self-Supervised Skeleton Action Recognition 45

rst,j =

−2 × (j/J) + 1, if j <= J/2,

0, if j > J/2,
(4.4)

gst,j =

 2 × (j/J), if j <= J/2,

−2 × (j/J) + 2, if j > J/2,
(4.5)

bst,j =

 0, if j <= J/2,

2 × (j/J) − 1, if j > J/2.
(4.6)

The spatially colorized skeleton cloud is denoted as Ps, which is defined as Ps =

{vst,j = [xt,j, yt,j, zt,j, r
s
t,j, g

s
t,j, b

s
t,j]|t = 1, ..., T ; j = 1, ..., J}. With the increase of

the spatial order index of the joint in the skeleton, points will be assigned with

different colors that change from red to blue and to green gradually, which is able

to represent the linear order information for the joint spatial order and facilitate

the learning of spatial order information.

Person-level Colorization. Human actions encompass abundant information re-

garding person-to-person interactions as in NTU RGB+D [18], which is important

to the skeleton action recognition. We therefore propose a person-level colorization

scheme for action recognition.

We focus on human interactions involving two people and apply different colors to

the points of different people. Specifically, we encode the first person’s joints with

red and the second person’s joints with blue, as illustrated in Fig. 4.5. The person-

level colored clouds can thus be denoted by Pp = {vpt,j,n = [xt,j,n, yt,j,n, zt,j,n, 1, 0, 0]|t =

1, ..., T ; j = 1, ..., J ;n = 1} ∪ {vpt,j,n = [xt,j,n, yt,j,n, zt,j,n, 0, 0, 1]|t = 1, ..., T ; j =

1, ..., J ;n = 2}, where n = 1 and n = 2 mean that the points belong to the first

and the second people, respectively.

Given a raw skeleton cloud, the three colorization schemes thus construct three

colorized skeleton clouds Pτ , Ps and Pp that capture temporal dependency, spatial

relations, and human interaction information, respectively.
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Figure 4.5: Person-level colorization. The first person’s points will be assigned
the red color, and person two will colorize to blue.

4.2.3 Coarse-Fine Skeleton Cloud Colorization

As mentioned above, in our framework, the skeleton cloud is colorized according

to each point’s temporal and spatial order information. Besides the frame-level

and joint-level colorization (fine-grained colorization), coarse-grained colorization

can also contribute to spatial-temporal feature learning for self-supervised skeleton

action recognition. This is because some actions are often performed at the body

part level. For these actions, all the joints from the same informative body part

tend to represent similar spatial information. Additionally, some actions contain

long-range temporal dependence, which means that several consecutive frames con-

tain similar representations. These observations imply that coarse-grained skeleton

cloud colorization is also useful for self-supervised skeleton representation learning.

Spatial Coarse-Grained Colorization. Based on the human physical struc-

ture, the human skeleton can be segmented into multiple sections, comprising P

parts, as outlined in [17, 114]. This allows us to undertake a coarse-grained spatial

colorization aligned with the divisions of body parts. In order to assign each point

in the skeleton cloud a coarser spatial feature, we colorize the skeleton cloud points

in accordance with the order of the body parts they correspond to (from 1 to P).

The detailed parameter selection for the coarse-grained spatial colorization can be

found in Fig. 4.2 (c)(iii). The value distributions of R, G, and B channels can be

formulated as follows:

rcst,p =

−2 × (p/P ) + 1, if p <= P/2,

0, if p > P/2,
(4.7)
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gcst,p =

 2 × (p/P ), if p <= P/2,

−2 × (p/P ) + 2, if p > P/2,
(4.8)

bcst,p =

 0, if p <= P/2,

2 × (p/P ) − 1, if p > P/2.
(4.9)

We use Psc to stand for the spatial coarse-grained colorized skeleton cloud. In

contrast to the spatial colorization that assigns different colors to different joints

(as shown in Fig. 4.4 (a)), the Spatial Coarse-Grained Colorization assigns different

colors to points from different body parts, as shown in Fig. 4.4 (b). In this way,

the proposed spatial coarse-grained colorized skeleton cloud Psc contains the spatial

relation information within different body parts.

Temporal Coarse-Grained Colorization. Given that consecutive frames often

possess similar representations, human skeleton sequences can be segmented into

multiple sections, denoted as SS segments. Here, we introduce a coarse-grained

temporal colorization at the segment level. Specifically, we employ the colorization

scheme (Fig. 4.2 (a)) to colorize segment-level information. For the coarse-grained

temporal colorization, the detailed parameter selections are presented in Fig. 4.2

(c)(iv). Based on this, the formulation for temporal coarse-grained colorization is:

rcts,j =

−2 × (s/S) + 1, if s <= S/2,

0, if s > S/2,
(4.10)

gcts,j =

 2 × (s/S), if s <= S/2,

−2 × (s/S) + 2, if s > S/2,
(4.11)

bcts,j =

 0, if s <= S/2,

2 × (s/S) − 1, if s > S/2.
(4.12)
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Here, we use the Pτc to stand for the temporal coarse-grained colorized skeleton

cloud. In contrast to temporal colorization, which assigns different colors to in-

dividual frames (as shown in Fig. 4.3 (a)), Temporal Coarse-Grained Colorization

assigns different colors to points from different segments, as shown in Fig. 4.3 (b).

Consequently, the proposed temporal coarse-grained colorized skeleton cloud Pτc

encapsulates the temporal dependency information at the segment level.

Given a raw skeleton cloud, the two coarse-grained colorization schemes thus con-

struct two colorized skeleton clouds Pτc and Psc that capture temporal dependencies

at the segment level and spatial relationships among distinct body parts, respec-

tively.

4.2.4 Repainting Pipeline

Inspired by the success of self-supervised learning, our goal is to extract the tem-

poral, spatial, and interactive information by learning to repaint the raw skeleton

cloud Pr in a self-supervised manner. As illustrated in Fig. 4.1, we use colorized

skeleton clouds (temporal-level Pτ , spatial-level Ps, and person-level Pp) as three

kinds of self-supervision signals, respectively. The framework consists of an encoder

E(.) and a decoder D(.). Since we have three colorization schemes, we have three

pairs of encoders (Eτ (.), Es(.), and Ep(.)) and decoders (Dτ (.), Ds(.), and Dp(.)).

Below we use the temporal colorization stream as an exemplar to elaborate on the

model architecture and training process.

Model Architecture. As mentioned in Section 4.2.2, the obtained skeleton cloud

format is similar to that of a normal point cloud. Therefore, we adopt DGCNN [115]

(designed for point cloud classification and segmentation) as the backbone of our

framework and use the modules before the fully-connected (FC) layers to build our

encoder. In addition, we adopt the decoder of FoldingNet [116] as the decoder in

our network architecture. Since the input and output of FoldingNet are all N × 3

matrices with 3D positions (x, y, z) only, we expand the feature dimension to 6,

thereby enabling the repainting of both position and color information. Assuming
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that the input is the raw point set Pr and the obtained repainted point set is P̂τ =

Dτ (Eτ (Pr)), the repainting error between the ground truth temporal colorization

Pτ and the repainted P̂τ is computed by using the Chamfer distance:

dCH(Pτ , P̂τ ) = Max {A,B} , where, (4.13)

A =
1

|Pτ |
∑
vτ∈Pτ

min
v̂τ∈P̂τ

∥vτ − v̂τ∥2 , (4.14)

B =
1∣∣∣P̂τ

∣∣∣
∑
v̂τ∈P̂τ

min
vτ∈Pτ

∥v̂τ − vτ∥2 , (4.15)

where the term min
v̂τ∈P̂τ

∥vτ − v̂τ∥2 enforces that any 3D point vτ in temporally col-

orized skeleton cloud Pτ has a matched 3D point v̂τ in the repainted point cloud

P̂τ . The term min
vτ∈Pτ

∥v̂τ − vτ∥2 enforces the matching vice versa. The max oper-

ation enforces that the distance from Pτ to P̂τ and vice versa need to be small

concurrently.

By using the Chamfer distance, the encoder Eτ (.) and decoder Dτ (.) are forced to

recover temporal color features for points vr in the raw skeleton cloud Pr. Similarly,

the encoder Es(.) and decoder Ds(.) are trained to learn spatial color features, and

the encoder Ep(.) and decoder Dp(.) are pushed to distinguish the person index

and learn interactive information.

Two-Stream Pipeline: As mentioned in Section 4.2.3, we introduce two coarse-

grained colorization clouds (Pτc and Psc) which capture the coarse-grained tem-

poral dependency and spatial relation information. As shown in Fig. 4.6 and

Fig. 4.7, together with the original temporal and spatial colorizations, we design a

two-stream auto-encoder framework for learning both the fine-grained and coarse-

grained spatial-temporal information. Additionally, we do the feature alignment

at the latent feature level to align the representations learned from varying spatial
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Figure 4.6: Illustration of the Coarse-Fine Alignment framework for temporal
colorization, which incorporates temporal fine-grained colorization and temporal
coarse-grained colorization repainting. The feature alignment is to focus the
main auto-encoder (fine-grained one) to learn both the fine and coarse temporal
information.

and temporal colorization granularities. This alignment guides the fine-grained en-

coders (Eτ and Es) in capturing both fine and coarse spatial-temporal information.

Using Fig. 4.6 as an example, we utilize the Chamfer Distance to measure the

repainting error both between the ground truth temporal colorization Pτ and the

repainted P̂τ , and between the ground truth temporal coarse-grained colorization

Pτc and the repainted P̂τc. For feature alignment, we apply the Mean Squared

Error (MSE). The latent features for the two streams are defined as Fτ = Eτ (Pτ )

and Fτc = Eτc(Pτc), respectively. The feature alignment loss, denoted by Lfa, is

determined using the equation:

Lfa =
1

n

n∑
i=1

(P i
τc − P i

τ ), (4.16)
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Figure 4.7: Illustration of the Coarse-Fine Alignment framework for spatial
colorization, which contains spatial fine-grained colorization and spatial coarse-
grained colorization repainting pipelines. We introduce an alignment loss at the
latent feature level, which enables the latent feature of the fine-grained auto-
encoder to perceive both fine and coarse spatial information.

where n indicates the dimension of the latent features. Thus, the final self-

supervised models comprise both these two coarse-fine colorization alignment frame-

works and the single-stream person-level colorization models.

4.2.5 Masked Skeleton Cloud Modeling

As mentioned in Section 4.2.4, it is non-trivial to repaint Pr to colorize skele-

ton clouds. Drawing inspiration from BERT [117] and MAE [118], we investigate a

masked skeleton cloud modeling strategy for skeleton representation learning based

on the proposed auto-encoder framework. Specifically, we formulate a Masked

Skeleton Cloud Repainting task that aims at reconstructing the geometric struc-

ture and color information of the masked points from partially visible points. The

proposed task is based on the proposed auto-encoder, where an encoder is utilized
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(e) spatial 
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(f) random 
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(b) random 
masking

(c) frame-
only masking

(d) segment 
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colorized cloud

Figure 4.8: Mask Sampling Strategy. (b) and (f): Random masking that is
spacetime-agnostic. (c) Frame-only masking: mask all points from the randomly
selected frames. (d) Segment masking: mask all points from the randomly
selected continuous frames. (g) Joint-only masking: randomly mask points from
selected joints, broadcasted to all frames. (h) Body-part masking: randomly
mask points from selected body parts, broadcasted to all frames. (Best viewed
in color)

to map the visible skeleton points, together with the corresponding color informa-

tion, into latent representations. The decoder then recreates the geometric infor-

mation and corresponding color information from these latent representations. By

modeling the masked parts, the model attains a comprehensive spatial-temporal

understanding of the skeleton sequence. Below, we provide more details of the

masking strategies designed for the colorized skeleton cloud.

Mask Sampling Strategy. Five distinct masking strategies are employed in

our approach: random masking, frame-only masking, segment masking, joint-only

masking, and body-part masking, as shown in Fig. 4.8. (1) In random masking, we

randomly and uniformly select a subset of skeleton points. Given the importance

of temporal correlation and joint interaction for skeleton action recognition, we

design the specific masking strategy based on the temporal and spatial dimension

(Fig. 4.8 (b) and (f)). (2) In frame-only masking, we mask a subset of skeleton

points, which belong to randomly selected frames (Fig. 4.8 (c)). (3) In segment
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masking, we randomly choose a location as the center of the sampled sequence and

mask all points from the selected continuous frames (Fig. 4.8 (d)). (4) In joint-only

masking, we mask a subset of skeleton points, which belong to randomly selected

joints (Fig. 4.8 (g)). (5) In body-part masking, we mask a subset of skeleton points,

which belong to randomly selected body parts (Fig. 4.8 (h)).

Implementation of masking strategy. For the masked points, we initialize

all the position and color values to zeros. Consequently, the unmasked point is

represented by [x, y, z, r, g, b], while the masked point is initialized as [0, 0, 0, 0, 0, 0].

4.2.6 Training objectives

Self-Supervised Repainting. In this stage, we aim to repaint from three per-

spectives. When it comes to temporal and spatial colorization, the training ob-

jective contains two reconstruction losses (Chamfer distance) on fine-grained and

coarse-grained colorization levels and alignment loss (mean squared error, MSE)

between latent features, as shown in Fig. 4.6 and Fig. 4.7.

Hence, for temporal colorization, the aggregate loss function is formulated as fol-

lows:

Lt = dCH(Pτ , P̂τ ) + dCH(Pτc, P̂τc) +
1

n

n∑
i=1

(P i
τc − P i

τ ), (4.17)

where dCH represents the Chamfer distance applied to both the coarse and fine

streams. The third component accounts for the alignment of features across varying

levels of temporal colorization granularities.

Similarly, the overall loss for the spatial colorization is represented as:

Ls = dCH(Ps, P̂s) + dCH(Psc, P̂sc) +
1

n

n∑
i=1

(P i
sc − P i

s). (4.18)

In the case of person-level colorization, where coarse-grained colorization is absent,

the training target consists solely of a single Chamfer distance. This is illustrated
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in Fig. 5.3. Therefore, the objective function for person-level colorization is estab-

lished as:

Lp = dCH(Pp, P̂p) (4.19)

Skeleton Action Recognition. As described in Section 4.2.3, we introduce the

alignment loss to focus the latent feature of each auto-encoder to contain both

coarse and fine spatial-temporal information. To maintain the computation cost

the same as that of [119], we only use the fine-grained encoders (i.e., Eτ (.), Es(.)) in

this stage. Together with Ep(.), we obtain three encoders that capture meaningful

temporal, spatial, and interaction features, respectively. Leveraging the feature

representations from these three encoders, we include a simple linear classifier

f(.) on top of the encoder to perform action recognition as in [88–90, 111, 112].

We adopt different settings to train the classifier, including unsupervised, semi-

supervised, and supervised settings.

In the unsupervised setting, the encoder is only trained by the skeleton cloud

repainting method, and then we train the linear classifier with the encoder fixed by

following previous unsupervised skeleton representation learning work [88–90, 111,

112]. In the semi-supervised and supervised settings, the encoder is initially trained

with self-supervised representation learning and then fine-tuned in conjunction with

the linear classifier as in [111, 120]. The standard cross-entropy loss is employed

as the classification loss Lcls.

4.3 Experiments

We conducted extensive experiments over several publicly accessible datasets, in-

cluding NTU RGB+D [18], NTU RGB+D 120 [98], PKU-MMD [121], Northwestern-

UCLA [122], UWA3D [13]. Fig. 4.9 shows some samples of these six datasets. The

experiments aim to evaluate whether our skeleton cloud colorization scheme can
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Figure 4.9: Sample snapshots from the used datasets. (a) NTU RGB+D
dataset; (b) NTU RGB+D 120 dataset; (c) PKU-MMD dataset; (d) NW-UCLA
dataset; (e) UWA 3D dataset; (f) Toyota Smarthome dataset.

learn effective self-supervised feature representations for the task of skeleton ac-

tion recognition. We therefore evaluate different experimental settings, including

unsupervised, semi-supervised, and supervised, as well as transfer learning.
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4.3.1 Datasets

NTU RGB+D [18]. NTU RGB+D consists of 56880 skeleton action sequences

which is the most widely used dataset for skeleton-based action recognition re-

search. In this dataset, action samples are performed by 40 volunteers and cate-

gorized into 60 classes. Each sample captures an action that involves at most two

subjects, recorded by three Microsoft Kinect v2 cameras from various viewpoints.

The authors of this dataset recommend two benchmarks: (1) cross-subject (CS or

C-Subject) benchmark, where training data comes from 20 subjects and testing

data comes from the remaining 20 subjects; (2) cross-view (CV or C-View) bench-

mark, where training data comes from camera views 2 and 3, while testing data

comes from camera view 1.

NTU RGB+D 120 [98]. NTU RGB+D 120 dataset is currently the largest

dataset with 3D joint annotations for human action recognition. The dataset con-

tains 114480 action samples in 120 action classes. Samples are captured by 106

volunteers through three camera views. This dataset contains 32 setups, and each

setup represents a unique location and background. The author of this dataset rec-

ommends two benchmarks for evaluation: (1) the cross-subject (C-Subject) bench-

mark: training data comes from 53 subjects, and the testing data comes from the

other 53 objects; (2) the cross-setup (C-Setup) benchmark: training data comes

from samples with even setup IDs, and testing data comes from samples with odd

setup IDs.

PKU-MMD [121]. PKU-MMD is a new large-scale benchmark for continuous

multi-modality 3D human action understanding and covers a wide range of complex

human activities with well-annotated information. It contains almost 20, 000 action

instances and 5.4 million frames in 51 action categories. Each sample consists of

25 body joints. PKU-MMD consists of two subsets, i.e., parts I and II. Part I is an

easier version for skeleton action recognition, while part II is more challenging, with

more skeleton noise caused by the large view variation. We conduct experiments

under the cross-subject protocol on the two subsets respectively.
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Northwestern-UCLA (NW-UCLA) [122]. This dataset is captured by three

Kinect v1 cameras, and it contains 1494 samples performed by 10 subjects. It

contains 10 action classes, and each body has 20 skeleton joints. Following the

evaluation protocol in [122], the training set consists of samples from the first two

cameras (V 1, V 2) and the rest of the samples from the third camera (V 3) form

the testing set.

Multiview Activity II (UWA3D) [13]. UWA3D dataset contains 30 human

actions performed 4 times by 10 subjects. 15 joints are recorded, and each action is

observed from four views: front (V1), left side (V2), right sides (V3), and top view

(V4). The total number of action sequences is 1075. The dataset is challenging

due to many views and self-occlusions.

Toyota Smarthome (Smarthome) [123]. Toyota Smarthome is a real-world

dataset for daily living action classification and contains 16,115 videos of 31 classes.

This dataset poses a unique combination of challenges: high intra-class variation,

high-class imbalance, and activities with similar motion and high duration variance.

We conduct the transfer learning experiments following the cross-subject (CS) and

cross-view1 (CV1) evaluation protocols.

Note that NW-UCLA, UWA3D, and Smarthome datasets only contain single-

person actions, so we do not conduct person-level colorization experiments on these

three datasets.

4.3.2 Ablation Study

We conduct ablation studies on different datasets to verify the effectiveness of

different components of our method.

Effectiveness of Our Skeleton Colorization: We verify the effectiveness of our

skeleton cloud colorization on all three learning settings, including unsupervised

learning, semi-supervised learning, and fully-supervised learning. We compare our

method against three baselines: 1) Baseline-U : it only trains the linear classifier
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and freezes the encoder, which is randomly initialized; 2) Baseline-Semi : the en-

coder is initialized with random weight instead of pre-training by our self-supervised

representation learning; 3) Baseline-S : the same as Baseline-Semi. We train the

encoder and linear classifier jointly with action labels. The input for these three

baselines is the raw skeleton cloud without color label information.

Additionally, rather than merely comparing with models that rely on a randomly

initialized encoder, we incorporate two commonly used video self-supervised meth-

ods to pre-train the encoder, resulting in two stronger baselines: 1) Motion Pre-

diction: During self-supervised pre-training, we mask the points from the final 10

frames, allowing the network to predict the motion information of these frames.

2) Masked Autoencoder : we randomly mask 25% points during the self-supervised

pre-training and push the network to reconstruct the masked information. It is

worth noting that both of these two strong baselines are conducted without color

information.

We also explore three configurations of skeleton cloud colorization: 1) ‘T-Stream’

(TS) that uses temporally colorized skeleton cloud as self-supervision; 2) ‘S-Stream’

(SS) that uses spatially colorized skeleton cloud as self-supervision; 3) ‘P-Stream’

(PS) that uses the person-level colorized cloud as self-supervision. ‘2s’ means the

combination of temporal and spatial steams, and ‘3s’ stands for the combination

of temporal, spatial, and person streams.

Table 4.1: Comparisons of different network configurations’ results with the
semi-supervised setting on NTU RGB+D dataset. (‘TS ’: Temporal Stream;
‘SS ’: Spatial Stream; ‘PS ’: Person Stream; ‘3s’ means three-stream fusion; and
the number in parentheses denotes the number of labeled samples per class)

Method
Semi-1 Semi-5 Semi-10 Semi-20 Semi-40

CS (7) CV (7) CS (33) CV (31) CS (66) CV (62) CS (132) CV (124) CS (264) CV (248)
Baseline-Semi 27.1 28.1 46.0 50.6 55.1 60.7 60.9 69.1 64.2 73.7
Motion prediction-Semi 36.2 38.3 52.9 56.2 58.5 64.4 64.0 70.8 69.3 76.7
Masked autoencoder-Semi 35.5 38.6 52.4 55.6 59.4 64.3 63.9 71.7 69.5 76.9
‘TS ’ Colorization 42.9 46.3 60.1 63.9 66.1 73.3 72.0 77.9 75.9 82.7
‘SS ’ Colorization 40.2 43.1 54.6 60.0 60.1 68.1 64.2 73.1 69.1 77.6
‘PS ’ Colorization 37.9 40.1 51.2 56.0 56.8 63.2 61.9 70.2 65.8 74.6
‘TS + SS ’ Colorization 48.1 51.5 64.7 69.3 70.8 78.2 75.2 81.8 79.2 86.0
‘TS + PS ’ Colorization 46.9 50.5 63.9 68.1 69.8 77.0 74.9 81.3 78.3 85.4
‘SS + PS ’ Colorization 43.2 46.7 58.3 64.4 64.2 72.0 69.0 77.1 73.2 81.5
3s-Colorization 48.3 52.5 65.7 70.3 71.7 78.9 76.4 82.7 79.8 86.8
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Table 4.2: Comparisons of different network configurations’ results with the
semi-supervised setting on NW-UCLA dataset. (‘TS ’: Temporal Stream; ‘SS ’:
Spatial Stream; ‘2s’ means two-stream fusion)

Method Semi-1 Semi-5 Semi-10 Semi-15 Semi-30 Semi-40
Baesline-Semi 34.3 46.4 54.9 61.8 69.1 70.2
Motion prediction 38.8 51.6 58.5 64.6 69.7 73.0
Mask autoencoder 37.8 49.7 55.3 64.6 71.1 73.8
‘TS ’ Colorization 40.6 55.9 71.3 74.3 81.4 83.6
‘SS ’ Colorization 39.1 54.2 66.3 70.2 79.1 80.8
2s-Colorization 41.9 57.2 75.0 76.0 83.0 84.9

Tables 4.1, 4.2, and 4.3 show experimental results. It can be seen that all three

colorization strategies (i.e., temporal-level, spatial-level, and person-level) achieve

significant performance improvement as compared with the baseline, demonstrating

the effectiveness of our proposed colorization technique. Furthermore, though the

person-level colorization stream does not perform as well as the other two streams

on the NTU RGB+D, it improves the overall performance while collaborating

with the other two. Moreover, when compared with the two stronger baselines

(i.e., motion prediction and masked autoencoder), our proposed color repainting

strategy still clearly outperforms them by a larger margin.

Selection of Segment Size and Body Part Scale: As introduced in Sec-

tion 4.2.3, the coarse-grained skeleton colorization is based on the segment level

and body part level.

Table 4.4 shows the classification results of our method with different segment sizes

and body part scales on NTU RGB+D C-Subject protocol, under the unsupervised

setting. For the segment size, we can see that assigning each 5 consecutive frames

on temporal color is the most beneficial for temporal feature learning.

The human skeleton can be divided into ten body parts [114] (scale 1, i.e., Neck,

Trunk, Right arm, Right hand, Left arm, Left hand, Right leg, Right foot, Left leg,

Left foot) or six body parts [17] (scale 2, i.e., Torso, Right upper limb, Left upper

limb, Right lower limb, and Left lower limb) based on the human physical structure.
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Table 4.3: Comparisons of different network configurations’ results with
unsupervised and supervised settings on NTU RGB+D and NW-UCLA
dataset.(‘TS ’: Temporal Stream; ‘SS ’: Spatial Stream; ‘PS ’: Person Stream;
‘3s’ means three-stream fusion)

Dataset NTU-CS NTU-CV NW-UCLA

Unsupervised Setting

Baseline-U 61.8 68.4 78.6
Motion Prediction-U 65.7 75.0 82.1
Masked Autoencoder-U 65.9 75.3 83.6
‘TS ’ Colorization 71.6 79.9 90.1
‘SS ’ Colorization 68.4 77.5 87.0
‘PS ’ Colorization 64.2 72.8 –
‘TS + SS ’ Colorization 74.6 82.6 91.1
‘TS + PS ’ Colorization 73.3 81.4 –
‘SS + PS ’ Colorization 69.6 78.6 –
3s-Colorization 75.2 83.1 –

Supervised Setting

Baseline-S 76.5 83.4 83.8
‘TS ’ Colorization 84.2 93.1 92.7
‘SS ’ Colorization 82.3 91.5 90.4
‘PS ’ Colorization 81.1 90.3 –
‘TS + SS ’ Colorization 86.3 94.2 94.0
‘TS + PS ’ Colorization 86.4 94.1 –
‘SS + PS ’ Colorization 85.0 93.0 –
3s-Colorization 88.0 94.9 –

Table 4.4: Ablation studies on the Segment Size and Body Part Scale. The
experiments conduct on NTU RGB+D and NW-UCLA datasets under the un-
supervised setting.

Segment Step Size NTU-CS NTU-CV NW-UCLA Spatial scale NTU-CS NTU-CV NW-UCLA
2 72.2 82.3 90.1 1 (10 parts) 72.5 82.1 87.9
4 72.8 82.2 89.2 2 (6 parts) 71.3 81.9 86.8
5 73.2 82.6 91.0
8 73.1 82.5 90.8
10 72.5 81.8 90.3
20 72.5 82.1 89.9

As shown in Table 4.4, the performance of coarse-grained spatial colorization with

scale 1 (10 parts) is better.

Effectiveness of Masking Strategy and Coarse-Fine Alignment frame-

work We conduct experiments on NTU RGB+D (C-Subject protocol) to verify
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Table 4.5: o

n NTU RGB+D and NW-UCLA datasets.]Linear evaluation results compared
with Skeleton Colorization [31] on NTU RGB+D and NW-UCLA datasets. ‘∆’

represents the gain compared to [31] with the same stream data. (C-F stands for
coarse-fine; ‘TS ’:Temporal Stream; ‘SS ’:Spatial Stream; ‘PS ’:Person Stream; ‘2s’

means two-stream fusion; ‘3s’ means three-stream fusion)

Method
NTU RGB+D

NW-UCLA
C-Subject C-View

Acc. ∆ Acc. ∆ Acc. ∆
‘TS ’ Colorization 71.6 79.9 90.1
‘TS ’ Masked Colorization 72.1 ↑ 0.5 81.1 ↑ 1.2 90.5 ↑ 0.4
‘TS ’ C-F Masked Colorization (Ours) 73.2 ↑ 1.6 82.6 ↑ 2.7 91.0 ↑ 0.9
‘SS ’ Colorization 68.4 77.5 87.0
‘SS ’ Masked Colorization 69.6 ↑ 1.2 80.1 ↑ 2.6 87.3 ↑ 0.3
‘SS ’ C-F Masked Colorization (Ours) 72.5 ↑ 4.1 82.1 ↑ 4.6 87.9 ↑ 0.9
‘PS ’ Colorization 64.2 72.8 –
‘PS ’ Masked Colorization 67.9 ↑ 3.7 77.1 ↑ 4.3 – –
2s-Colorization – – 91.1
2s-Masked Colorization – – – – 91.4 ↑ 0.3
2s-C-F Masked Colorization (Ours) – – – – 92.0 ↑ 0.9
3s-Colorization 75.2 83.1 –
3s-Masked Colorization 77.2 ↑ 2.0 85.8 ↑ 2.7 – –
3s-C-F Masked Colorization (Ours) 79.1 ↑ 3.9 87.2 ↑ 4.1 – –

the effectiveness of our Coarse-Fine Alignment framework and masking strategy

under the unsupervised setting. All ‘masked’ experiments in this ablation study

are conducted with 25% random masking.

As shown in Table 4.5, the masking task enhances performance across all three

colorization streams, and the proposed Coarse-Fine Alignment framework is able

to cause further improvements, which demonstrates the benefit of these techniques.

Effectiveness of Different Masking Strategies and Masking Ratios: To

find a proper masking strategy for our method, we conduct experiments varying

both the masking types and ratios on the temporal colorization and spatial coloriza-

tion streams, respectively. This ablation study is conducted on the NTU RGB+D

dataset C-Subject protocol under the unsupervised setting. The experimental re-

sults are presented in Tables 4.6 and 4.7.

It can be seen that random masking does not work well in both scenarios. We

hypothesize that the spatial and temporal relationship is important for skeleton

action recognition, and that random sampling can be an overly difficult task in
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Table 4.6: Ablation study on temporal masking strategy, including the tem-
poral random masking (Fig. 4.8 (b)), frame-only masking (Fig. 4.8 (c)), and
segment masking (Fig. 4.8 (d)). The experiments conduct on NTU RGB+D
under the unsupervised setting.

(b) Random Masking (c) Frame-only Masking (d) Segment Masking

Mask Ratio NTU-CS NTU-CV NW-UCLA Mask Frame Number NTU-CS NTU-CV NW-UCLA Mask Segment Length NTU-CS NTU-CV NW-UCLA
0.25 73.2 82.6 91.0 5 71.7 82.4 89.5 5 72.8 82.6 89.7
0.50 72.8 83.1 89.5 10 73.4 82.7 89.5 10 73.5 83.1 90.1
0.75 72.8 82.8 90.1 15 72.8 83.1 91.2 15 74.0 83.5 91.2

20 73.4 82.8 90.1 20 73.4 83.3 89.9
30 73.5 82.3 89.7 30 73.8 83.3 89.5

our scenarios. In terms of temporal colorization, segment masking with a 15-frame

segment length results in the best performance. For spatial colorization, 10-joint

masking performs the best. Therefore, we leverage these two masking strategies in

the main experiments.

Table 4.7: Ablation study on spatial masking strategy, including the spatial
random masking (Fig. 4.8 (f)), joint-only masking (Fig. 4.8 (g)), and body-part
masking (Fig. 4.8 (h)). The experiments conduct on NTU RGB+D and NW-
UCLA under the unsupervised setting.

(f) Random Masking (g) Joint-only Masking (h) Body-part Masking

Mask Ratio NTU-CS NTU-CV NW-UCLA Mask Joint Number NTU-CS NTU-CV NW-UCLA Mask Part Number NTU-CS NTU-CV NW-UCLA
0.25 72.5 82.1 87.9 5 72.5 82.3 87.9 2 72.2 82.2 87.5
0.50 72.4 81.9 87.4 10 72.8 82.6 88.3 4 72.2 82.3 87.7
0.75 71.7 81.4 86.2 15 72.3 82.3 87.5 6 72.0 82.4 88.3

20 72.5 82.2 – 8 72.0 81.7 87.1

Noting that we only have one style for person-level colorization, in which color

information is not related to temporal and spatial information, we apply random

masking (25%) for the person stream in the main experiments.

4.3.3 Comparison with the State-of-the-art Methods

We conduct extensive experiments under four settings, including unsupervised

learning, semi-supervised learning, supervised learning, and transfer learning. Ad-

ditionally, we investigate three configurations of skeleton cloud colorization. ‘2s’

means the combination of temporal and spatial steams, and ‘3s’ stands for the

combination of temporal, spatial, and person streams.
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Table 4.8: Comparisons to state-of-the-art self-supervised skeleton action
recognition methods on NTU RGB+D, NTU RGB+D 120, PKU-MMD,
UWA3D, and NW-UCLA datasets. (C-F stands for coarse-fine; ‘2s’ means three-
stream fusion; ‘3s’ means three-stream fusion)

Method Backbone Stream
NTU RGB+D NTU RGB+D 120 PKU-MMD UWA3D

NW-UCLA
C-Subject C-View C-Subject C-Setup I II V3 V4

LongT GAN [88] (AAA1 2018) GRU 1 39.1 52.1 35.6 39.7 68.7 26.5 53.4 59.9 74.3
P&C FS-AEC [90] (CVPR 2020) GRU 1 50.6 76.3 – – – – 59.5 63.1 83.8
P&C FW-AEC [90] (CVPR 2020) GRU 1 50.7 76.1 41.1 44.1 59.9 25.5 59.9 63.1 84.9
MS2L [111] (ACMMM 2020) GRU 1 52.6 – – – 64.9 27.6 – – 76.8
PCRP [124] (TMM 2021) GRU 1 53.9 63.5 41.7 45.1 – – – – 87.0
AS-CAL [91] (Information Sciences 2021) LSTM 1 58.5 64.8 – – – – – – –
GLTA-GCN [125] (ICME 2022) GCN 2 61.2 81.2 49.1 51.1 – – 61.5 68.2 –
MCAE-MP [126] (NeurIPS 2021) MCAE 1 65.6 82.4 52.8 54.7 – – – – 84.9
Taxonomy-SSL [127] (WACV 2022) GRU 1 67.0 76.3 59.1 61.5 – – – – 86.1
CRRL [128] (TIP 2022) GRU 1 67.6 73.8 57.0 56.2 – – – – 83.8
ST-CL(×4) [129] (TMM 2021) GCN 4 68.1 69.4 54.2 55.6 – – 46.0 44.0 81.2
EnGAN-PoseRNN [89] (WACV 2019) RNN 3 68.6 77.8 – – – – – – –
H-Transformer [130] (ICME 2021) Transformer 1 69.3 72.8 – – – – – – 83.9
CP-STN [131] (ACML 2021) GCN 1 69.4 76.6 55.7 54.7 – – – – –
SeBiReNet [112] (ECCV 2020) GRU 2 – 79.7 – 69.3 – – 53.9 61.6 80.3
SKT [132] (ICME 2022) GCN 1 72.6 77.1 62.6 64.3 – – – – –
2s-Colorization [119] (ICCV 2021) DGCNN 2 – – – – – – 70.0 70.6 91.1
3s-Colorization [119] (ICCV 2021) DGCNN 3 75.2 83.1 64.3 67.5 87.2 47.1 – – –
GL-Transformer [94] (ECCV 2022) Transformer 1 76.3 83.8 66.0 68.7 – – – – 90.4
Skeleton-Contrastive [133] (ACMMM 2021) GRU+CNN 2 76.3 85.2 67.1 67.9 80.9 36.0 – – –
3s-CrosSCLR [92] (CVPR 2021) GCN 3 77.8 83.4 67.9 66.7 84.9 21.1 – – –
3s-HiCLR [97] (AAAI 2023) GCN 3 78.8 83.1 67.3 69.9 – – – – –
3s-AimCLR [93] (AAAI 2022) GCN 3 78.9 83.8 68.2 68.8 – – – – –
2s-C-F Masked Colorization (Ours) DGCNN 2 – – – – – – 71.7 73.8 92.0
3s-C-F Masked Colorization (Ours) DGCNN 3 79.1 87.2 69.2 70.8 89.2 49.8 – – –

4.3.3.1 Unsupervised Learning

In the unsupervised setting, the feature extractor (i.e., the encoder E(.)) is trained

with our proposed skeleton cloud colorization self-supervised representation learn-

ing approach. Then the feature representation is evaluated by the simple linear

classifier f(.), which is trained on top of the frozen encoders E(.). Such experi-

mental setting for unsupervised learning has been widely adopted and practiced in

prior studies [88, 89, 111, 112]. Here for a fair comparison, we use the same setting

as this prior work.

We compare our skeleton cloud colorization method with prior unsupervised meth-

ods on NTU RGB+D, NTU RGB+D 120, PKU-MMD, NW-UCLA, and UWA3D

datasets, as shown in Table 4.8. It can be seen that our proposed coarse-fine masked

colorization method can achieve state-of-the-art performances on all five datasets.

PKU-MMD part II, with its increased skeleton noise due to view variation, and

NTU RGB+D 120, being the largest dataset with multiple classes, present more

challenging test cases. Our proposed method performs well on these two datasets,

demonstrating the effectiveness of our proposed technique.
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Table 4.9: Comparisons of action recognition results with semi-supervised
learning approaches on NTU RGB+D Cross-Subject (CS) Protocol. (C-F stands
for coarse-fine; ‘3s’ means three-stream fusion; * means the reproduced results
with our labeled/unlabeled splitting; and the number in parentheses denotes the
number of labeled samples per class)

Method Backbone Streams
Semi-1 Semi-5 Semi-10 Semi-20 Semi-40
CS (7) CS (33) CS (66) CS (132) CS (264)

S4L(Inpainting) [134] (ICCV 2019) GRU 1 – 48.4 58.1 63.1 68.2
Pseudolabels [135] (ICML 2013) GRU 1 – 50.9 57.2 62.4 68.0
VAT [136] (TPAMI 2018) GRU 1 – 51.3 60.3 65.6 70.4
VAT + EntMin [137] (NeurIPS 2005) GRU 1 – 51.7 61.4 65.9 70.8
ASSL [120] (ECCV 2020) GRU 1 – 57.3 64.3 68.0 72.3
MS2L [111] (ACMMM 2020) GRU 1 33.1 – 65.2 – –
LongT GAN [88] (AAAI 2018) GRU 1 35.2 – 62.0 – –
Skeleton-Contrastive [133] (ACMMM 2021) GRU+CNN 4 35.7 59.6 65.9 70.8 –
AL+K [138] (arxiv 2020) GRU 1 41.8 57.8 62.9 – –
SKT [132] (ICME 2022) GCN 1 43.2 – 67.6 – –
MAC [139] (TPAMI 2022) GCN 2 – 63.3 74.2 78.4 81.1
GL-Transformer [94] (ECCV 2022) Transformer 1 – 64.5 68.6 – –
3s-Colorization [119] (ICCV 2021) DGCNN 3 48.3 65.7 71.7 76.4 79.8
3s-CrosSCLR [92]* (CVPR 2021) GCN 3 49.9±1.30 66.5±0.50 73.3±0.43 77.0±0.33 81.0±0.30
3s-AimCLR [93]* (AAAI 2022) GCN 3 45.5±1.72 68.1±0.48 76.1±0.43 77.8±0.38 81.5±0.51
3s-C-F Masked Colorization (Ours) DGCNN 3 52.3±0.57 68.1±0.19 76.5±0.27 78.7±0.27 82.5±0.28

Table 4.10: Comparisons of action recognition results with semi-supervised
learning approaches on NTU RGB+D Cross-View (CV) Protocol. (C-F stands
for coarse-fine; ‘3s’ means three-stream fusion; * means the reproduced results
with our labeled/unlabeled splitting; and the number in parentheses denotes the
number of labeled samples per class)

Method Backbone Streams
Semi-1 Semi-5 Semi-10 Semi-20 Semi-40
CV (7) CV (33) CV (66) CV (132) CV (264)

S4L(Inpainting) [134] (ICCV 2019) GRU 1 – 55.1 63.6 71.1 76.9
Pseudolabels [135] (ICML 2013) GRU 1 – 56.3 63.1 70.4 76.8
VAT [136] (TPAMI 2018) GRU 1 – 57.9 66.3 72.6 78.6
VAT + EntMin [137] (NeurIPS 2005) GRU 1 – 58.3 67.5 73.3 78.9
ASSL [120] (ECCV 2020) GRU 1 – 63.6 69.8 74.7 80.0
Skeleton-Contrastive [133] (ACMMM 2021) GRU+CNN 4 38.1 65.7 72.5 78.2 –
SKT [132] (ICME 2022) GCN 1 44.9 – 71.3 – –
GL-Transformer [94] (ECCV 2022) Transformer 1 – 68.5 74.9 – –
3s-Colorization [119] (ICCV 2021) DGCNN 3 52.5 70.3 78.9 82.7 86.8
MAC [139] (TPAMI 2022) GCN 2 – 70.4 78.5 84.6 89.6
3s-CrosSCLR [92]* (CVPR 2021) GCN 3 52.0±0.48 69.5±1.55 77.4±0.30 82.9±0.14 87.3±0.20
3s-AimCLR [93]* (AAAI 2022) GCN 3 46.9±2.08 71.8±0.80 80.7±0.71 84.0±0.29 88.6±0.28
3s-C-F Masked Colorization (Ours) DGCNN 3 53.1±0.97 74.2±1.05 81.3±0.30 85.7±0.46 89.7±0.10

4.3.3.2 Semi-Supervised Learning

We evaluate semi-supervised learning with the same protocol as in [111, 120, 131,

138], for a fair compaison. Under the semi-supervised setting, the encoder E(.) is

first pre-trained with colorized skeleton clouds and then jointly trained with the

linear classifier f(.) with a small ratio of action annotations. Following [111, 120,

131, 138], we derive labeled data by uniformly sampling 1% (Semi-1), 5% (Semi-5),

10% (Semi-10), 20% (Semi-20), 40% (Semi-40) data from the training set of NTU
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Table 4.11: Comparisons of action recognition results with semi-supervised
learning approaches on NW-UCLA dataset. (C-F stands for coarse-fine; ‘2s’
means two-stream fusion; v./c. denotes the number of labeled videos per class)

Method Backbone Stream Semi-1 Semi-5 Semi-10 Semi-15 Semi-30 Semi-40
S4L(Inpainting) [134] (ICCV 2019) GRU 1 – 35.3 – 46.6 54.5 60.6
Pseudolabels [135] (ICML 2013) GRU 1 – 35.6 – 48.9 60,6 65.7
VAT [136] (TPAMI 2018) GRU 1 – 44.8 – 63.8 73.7 73.9
VAT + EntMin [137] (NeurIPS 2005) GRU 1 – 46.8 – 66.2 75.4 75.6
ASSL [120] (ECCV 2020) GRU 1 – 52.6 – 74.8 78.0 78.4
LongT GAN [88] (AAAI 2018) GRU 1 18.3 – 59.9 – – –
MS2L [111] (ACMMM 2020) GRU 1 21.3 – 60.5 – – –
2s-Colorization [119] (ICCV 2021) DGCNN 2 41.9 57.2 75.0 76.0 83.0 84.9
GL-Transformer [94] (ECCV 2022) Transformer 1 – 58.5 74.3 – – –
AL+K [138] (arxiv 2020) GRU 1 – 63.9 – 76.8 80.3 85.0
MAC [139] (TPAMI 2022) GCN 2 – 63.0 – 78.8 79.9 81.6
2s-C-F Masked Colorization (Ours) DGCNN 2 42.8 61.6 76.7 78.8 84.8 86.6

Table 4.12: Comparisons of action recognition results with semi-supervised
learning approaches on NTU RGB+D 120 dataset C-Subject protocol. (C-F
stands for coarse-fine; ‘3s’ means three-stream fusion)

Method Semi-1 Semi-5 Semi-10 Semi-20 Semi-40 Semi-50
AS-CAL[91] (Information Sciences 2021) – 42.3 – – 52.6
CP-STN [131] (ACML 2021) 48.8 51.5 56.1 60.6 66.5 67.8
3s-C-F Masked Colorization (Ours) 46.5 55.0 62.2 67.3 72.3 75.4

Table 4.13: Comparisons of action recognition results with semi-supervised
learning approaches on UWA3D dataset. (C-F stands for coarse-fine; ‘2s’ means
two-stream fusion)

Method Semi-5 Semi-10 Semi-20 Semi-50
AL [138] (arxiv 2020) 26.9 37.1 41.2 55.8
AL+K [138] (arxiv 2020) 28.3 36.0 51.8 59.5
2s-Colorization [119] (ICCV 2021) 32.8 40.9 52.2 61.5
2s-C-F Masked Colorization (Ours) 36.5 44.2 54.5 63.8

RGB+D dataset, 1% (Semi-1), 5% (Semi-5), 10% (Semi-10), 20% (Semi-20), 40%

(Semi-40), 50% (Semi-50) data from the training set of NTU RGB+D 120 dataset,

1% (Semi-1), 10% (Semi-10) data from the training set of PKU-MMD dataset,

1% (Semi-1), 5% (Semi-5), 10% (Semi-10), 15% (Semi-15), 30% (Semi-30), 40%

(Semi-40) data from the training set of NW-UCLA dataset, and 5% (Semi-5), 10%

(Semi-10), 20% (Semi-20), 50% (Semi-50) data from the training set of UWA-3D

dataset.

Tables 4.9, 4.10, 4.11, 4.12, 4.13 and 4.14 show experimental results for these
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Table 4.14: Comparisons to state-of-the-art semi-supervised skeleton action
recognition method on PKU-MMD dataset. (C-F stands for coarse-fine; ‘3s’
means three-stream fusion)

Method
PKU-MMD part I PKU-MMD part II
Semi1 Semi10 Semi1 Semi10

LongT GAN [88] (AAAI 2018) 35.8 69.5 12.4 25.7
MS2L [111] (ACMMM 2021) 36.4 70.3 13.0 26.1
Skeleton-Contrastive [133] (ACMMM 2021) 37.7 72.1 – –
3s-CrosSCLR [92] (CVPR 2021) 49.7 82.9 10.2 28.6
3s-AimCLR [93] (AAAI 2022) 57.5 86.1 15.1 33.4
3s-C-F Masked Colorization (Ours) 57.8 86.5 15.5 34.2

five datasets. It can be seen that most of the experimental results on all semi-

settings of these five datasets achieve state-of-the-art performance. Even though

the proposed framework does not outperform the state-of-the-art methods on four

semi-settings (i.e., semi-1 and semi-10 on NTU RGB+D C-Subject, semi-1 on

NTU RGB+D 120 C-Subject, and semi-5 on NW-UCLA), we still can achieve

competitive performance.

Additionally, for a much fairer comparison, we randomly select a specific per-

centage of training samples five times and subsequently perform five-fold experi-

ments. These experiments involve our proposed methods and two state-of-the-art

methods [92, 93], both of which provide pre-trained models on the NTU RGB+D

dataset. The experimental results can be found at the bottom of Table 4.9 and

Table 4.10, we can find that our proposed method consistently outperforms [92, 93]

on the averaged results, further showing the effectiveness of our proposed methods.

4.3.3.3 Supervised Learning

Following the supervised evaluation protocol in [92, 93, 111], we pre-train the en-

coder with our self-supervised masked skeleton colorization method and fine-tune

the encoder and classifier by using labeled training data. The experimental results

are presented in Table 4.15. We find that the proposed coarse-fine masked skeleton

colorization method outperforms the state-of-the-art self-supervised methods on all

four datasets. Despite our framework not being specifically designed for a super-

vised setting, its performance is comparable to state-of-the-art supervised skeleton
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Table 4.15: Comparisons to state-of-the-art Supervised and Unsupervised Pre-
train skeleton action recognition methods on NTU RGB+D, NTU RGB+D 120,
PKU-MMD, and NW-UCLA datasets.

Method
NTU RGB+D NTU RGB+D 120 PKU-MMD

NW-UCLA
C-Subject C-View C-Subject C-Setup I II

Supervised method

Actionlet ensemble [140] (TPAMI 2013) – – – – – – 76.0
HBRNN-L [17] (CVPR 2015) 59.1 64.0 – – – – 78.5
Part-Aware LSTM [18] (CVPR 2016) 62.9 70.3 25.5 26.3 – – –
ST-LSTM [15] (ECCV 2016) 69.2 77.7 55.7 57.9 – – –
Ensemble TS-LSTM [141] (ICCV 2017) 74.6 81.3 – – – – 89.2
VA-RNN-Aug [142] (TPAMI 2019) 79.8 88.9 – – – – 90.7
GCA-LSTM [52] (CVPR 2017) 74.4 82.8 – – – – –
ST-GCN [73] (AAAI 2018) 81.5 88.3 70.7 73.2 84.1 48.2 –
AS-GCN [143] (CVPR 2019) 86.8 94.2 – – – – –
2s-AGCN [144] (CVPR 2019) 88.5 95.1 82.5 84.2 93.5 56.8 –
2s-AGC-LSTM [145] (CVPR 2019) 89.2 95.0 – – – – 93.3
4s-Shift-GCN [75] (CVPR 2020) 90.7 96.5 85.9 87.6 – – 94.6
PA-ResGCN-B19 [146] (ACMMM 2020) 90.9 96.0 87.3 88.3 – – –
MS-G3D [147] (CVPR 2020) 91.5 96.2 86.9 88.4 95.0 59.2 –
CTR-GCN [76] (ICCV 2021) 92.4 96.8 88.9 90.6 – – 96.5
Info-GCN [77] (CVPR 2022) 93.0 97.1 89.8 91.2 – – 97.0

Unsupervised Pretrain method

Li et al. [87] (NeurIPS 2018) 63.9 68.1 – – – – 62.5
MS2L [111] (ACMMM 2020) 78.6 – – – 85.2 45.7 86.8
SKT [132] (ICME 2022) 83.1 91.2 – – – – –
3s-CrosSCLR [92] (CVPR 2021) 86.2 92.5 80.5 80.4 – – –
3s-AimCLR [93] (AAAI 2022) 86.9 92.8 80.1 80.9 – – –
2s-Colorization [119] (ICCV 2021) – – – – – – 94.0
3s-Colorization [119] (ICCV 2021) 88.0 94.9 78.5 79.3 91.5 54.0 –
2s-C-F Masked Colorization (Ours) – – – – – – 95.0
3s-C-F Masked Colorization (Ours) 89.1 95.9 81.2 82.4 93.3 57.7 –

action recognition methods on NTU RGB+D, NTU RGB+D 120, PKU-MMD, and

NW-UCLA, and UWA3D datasets.

4.3.3.4 Transfer Learning

To further evaluate whether the proposed skeleton colorization method is able to

gain knowledge to related tasks, we investigate the transfer learning performance

of our model.

Transfer to PKU MMD II: Following the setting in [111], we conduct transfer

learning experiments, which use NTU RGB+D and PKU-MMD I as the source

datasets and PKU-MMD II as the target dataset. Initially, we train the model

using either the NTU RGB+D or PKU-MMD I Cross-Subject protocol. The pre-

trained model is subsequently fine-tuned on the PKU-MMD II dataset. Table 4.16
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Table 4.16: Comparison of the transfer learning performance on PKUMMD
part II dataset. (C-F stands for coarse-fine; ‘3s’ means three-stream fusion)

Method
Transfer to PKU-MMD II

PKU-MMD I NTU RGB+D 60
LongT GAN [88] (AAAI 2018) 43.6 44.8
MS2L [111] (ACMMMM 2020) 44.1 45.8
Skeleton-Contrastive [133] (ACMMM 2020) 45.1 45.9
3s-Colorization [119] (ICCV 2021) 50.0 51.0
3s-C-F Masked Colorization (Ours) 58.0 58.1

Table 4.17: Comparison of the transfer learning performance on the Toyota
Smarthome dataset. (C-F stands for coarse-fine; ‘2s’ means two-stream fusion)

Methods
Smarthome
CS CV1

UNIK [148] (BMVC 2021) 63.1 22.9
ViA [149] (IJCV 2024) 64.5 36.1
2s-Colorization [119] (ICCV 2021) 70.4 42.1
2s-C-F Masked Colorization (Ours) 72.6 44.7

shows the transfer learning results. We can find that our proposed method achieves

much better results than [88, 111, 133], showing that the feature extracted by our

proposed method from a source dataset can improve classification accuracy on a

different target set.

Transfer to Smarthome [123]: We also conduct transfer learning experiments

that use the NTU RGB+D as the source dataset and Smarthome as the target

dataset. The experiments are conducted on the cross-subject (CS) and cross-view1

(CV1) evaluation protocols. The experimental results are shown in Table 4.17.

It can be seen that our proposed method achieves state-of-the-art performance,

demonstrating the effectiveness of our proposed method when transferred to related

datasets.

It should be noted that the Toyota Smarthome skeleton data consists of only 13

skeleton joints. To ensure the input data from Toyota Smarthome matches the size

of the NTU RGB+D dataset, we applied interpolation and zero padding.
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4.4 Summary

In this work, we tackle the challenge of self-supervised representation learning

for skeleton action recognition by designing a novel coarse-fine masked skeleton

cloud colorization method that is capable of learning skeleton representations from

unlabeled data. Specifically, we obtain colored skeleton cloud representations by

stacking skeleton sequences to 3D skeleton clouds and colorizing each point accord-

ing to its temporal and spatial orders in the skeleton sequences. Besides, we intro-

duce a two-stream pretraining framework that leverages coarse-grained colorization

and fine-grained colorization to learn multi-scale spatial-temporal features. Addi-

tionally, we introduce a Masked Skeleton Cloud Repainting task to pretrain the

designed auto-encoder framework. Extensive experiments over different datasets

demonstrate that our proposed method achieves superior unsupervised and semi-

supervised action recognition performance.





Chapter 5

One-Shot Action Recognition via

Multi-Scale Spatial-Temporal

Skeleton Matching

In Chapters 3 and 4, we explored weakly-supervised and self-supervised learning

methods, tackling the issue of scarce labeling in skeleton action recognition. These

approaches typically evaluate performance when the training and testing datasets

consist of the same action categories. This chapter shifts our focus to a more

complex objective: one-shot skeleton action recognition. Here, we deal with the

unique challenge of recognizing actions from new, unseen classes with only a single

example provided.

5.1 Introduction

Human action recognition is a fast-developing research area due to its diverse ap-

plications in human-computer interaction, video surveillance, game control, etc. In

recent years, human action recognition with skeleton data has attracted increas-

ing attention as skeleton data encodes high-level representations of human actions

71
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and is generally lightweight and robust to variations in appearances, surrounding

distractions, viewpoint changes, etc. As of today, most existing studies studies

predominantly rely on extensive labeled training data for learning effective human

action representations. While facing skeleton data of a new category, these studies

necessitate the collection of hundreds of action samples from the new category to

adapt or fine-tune existing models. How to achieve single-shot recognition for new

action categories becomes critically important for circumventing the tedious and

laborious data collection and labeling procedure.

One-shot skeleton action recognition is an extremely challenging task. Not only is

it constrained by the one-shot data of unseen new classes, but it is also complicated

by the considerable variations in human actions. Take the action “put on glasses”

as an example. Different people could perform it by using their left hand, right

hand, or both hands. The same person could also perform it at different paces

with different motion dynamics. Different approaches have been explored to ad-

dress this challenging task, and most existing work [98–101] represents the anchor

and target samples with certain pooled feature vectors and computes the sample

distance based on the similarity of their pooled feature vectors. However, the adop-

tion of such global feature similarity discards the very useful spatial structures and

temporal order of the skeleton sequences. In addition, most existing work learns

skeleton action representations at a single scale of the original body joints, which

tends to lose useful action features under the one-shot scenario. Drawing from

[147, 150–153], it is evident that human actions are multi-scales in both spatial

and temporal spaces. For instance, multiple joints on arms and legs collaborate in

walking, and consecutive frames of human actions contain strong temporal corre-

lations. Skeleton action representations should therefore capture the rich semantic

correlations at different spatial and temporal scales. In contrast to [147, 150–153],

which employ multi-scale information for recognition and prediction, we leverage

the extracted multi-scale features for match and design the innovative matching

strategies specifically for one-shot skeleton action recognition challenge.

We propose to capture spatial-temporal features by leveraging spatial structure and
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Figure 5.1: Skeleton action recognition based on feature similarity or fea-
ture matching: Feature similarity computes the distance between feature vectors
which discards the very useful spatial skeleton structures and temporal informa-
tion. The proposed feature matching compares two skeleton sequences by com-
puting a matching flow between their feature distributions which can capture
useful spatial and temporal information effectively. The colored line emphasizes
channels paired based on their high matching scores.

temporal order inherent in skeleton sequences, as illustrated in Fig. 5.1. Inspired by

the theory of optimal transport [154, 155], we measure the semantic relevance of two

skeleton sequences by computing an optimal matching flow between their feature

maps. Specifically, we adopt Earth Mover’s Distance (EMD) [156] as the optimal

matching metric for acquiring the optimal matching flow. EMD is the metric

for computing the distance between two representations, enabling us to determine

the similarity between the feature representations of two skeleton samples. In

our one-shot skeleton action recognition scenario, given the distances between all

skeleton joint pairs, EMD maximizes the impact of relevant joints and minimizes

the effect of irrelevant joints between two skeleton sequences. In addition, we

model skeleton sequences across multiple spatial scales (joint-scale, part-scale, and

limb-scale) and temporal scales as illustrated in Fig. 5.2 . We conduct multi-scale

matching using EMD to capture the scale-wise semantic relevance of the skeleton.

It is also important to note that human actions can be performed at different motion

magnitudes and paces, e.g., ‘hand waving’ may be performed by hand (joint-level),

forearm (part-level), or the whole arm (limb-level) at different paces. Therefore,
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Figure 5.2: The proposed multi-scale skeleton modeling at spatial dimension
in (a) and temporal dimension in (b): Given the original spatial scale at Scale
1 , we first divide the skeleton nodes into multiple groups with similar semantic
skeleton structures and then perform average pooling to each group to generate
skeleton graphs of coarser scales (i.e., Scale 2 and Scale 3.) The nodes whose links
are of the same color belong to the same group with similar semantics. Along
the temporal dimension, we perform average pooling over features of adjacent
frames to obtain temporal features of coarser scales at Scale 2 and Scale 3.

we design cross-scale matching that learns semantic relevance by measuring feature

consistency across various spatial and temporal scales.

The contributions of this work are summarized as follows:

• We formulate one-shot skeleton action recognition as an optimal matching

problem and design an effective network framework for one-shot skeleton

action recognition.

• We propose a multi-scale matching strategy that can capture scale-wise skele-

ton semantic relevance at multiple spatial and temporal scales. On top of

that, we design a novel cross-scale matching scheme that can model the

within-class variation of human actions in motion magnitudes and motion

paces. To the best of our knowledge, this is the first work that exploits
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multi-scale representations and cross-scale matching to capture multi-scale

skeleton semantic relevance and maintain consistency across motion scales in

one-shot skeleton action recognition.

• Extensive experiments on three public datasets (NTU RGB+D, NTU RGB+D

120, and PKU-MMD) show that our method outperforms the state-of-the-art

consistently by large margins.

5.2 Method

Our objective is to train a model capable of recognizing human skeleton data of

novel classes with only a single labeled sample. It is a very challenging task due

to the very rich intra-class spatial-temporal variations in human skeleton action.

To address this, we propose a one-shot skeleton action recognition framework, as

illustrated in Fig. 5.3. Specifically, we design a novel optimal matching technique

that captures the useful spatial structure and temporal order information, which

is largely neglected in most existing one-shot skeleton action recognition studies.

In the following, we first present the problem formulation of the one-shot skeleton

action recognition task. Then, we introduce the embedding network and elaborate

on the process of constructing multi-spatial and multi-temporal scale skeletons.

Finally, we provide a detailed description of our proposed optimal matching tech-

nique.

5.2.1 Problem Formulation

Inspired by prior studies in few-shot learning [35, 157–160] and few-shot video

action recognition [161–166], we formulate the one-shot skeleton action recognition

task as a meta-learning problem [37] that consists of a meta-training phase and a

meta-testing phase. In an n-way and 1 -shot problem, each episode consists of a

support set S and a query set Q, where S contains 1 labeled sample for each of n
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Figure 5.3: The pipeline of the proposed method: Given a Query Sequence
and two support skeleton sequences Support Sequence 1 and Support Sequence 2,
skeleton representations are first extracted with a weight-sharing embedding net-
work which are further aligned progressively with the proposed Optimal Match-
ing. The semantic relevance score (denoted by s( · , · )) between the query and
the two support instances can then be computed for action prediction. The
pipeline is illustrated with a 2-way 1-shot task. Different Optimal Matching
strategies are provided in Fig. 5.4.

unseen classes and Q is employed to evaluate the generalization performance. The

algorithm’s objective is to assign each query sample to the appropriate support

classes. Specifically, multiple n-way and 1 -shot tasks are randomly sampled from

the meta-training set Dtrain (with seen classes), and employed to train a model in

an episodic manner. In meta-testing phase, n-way and 1 -shot tasks are sampled

from the meta-testing set Dtest (with unseen classes) for evaluation.

5.2.2 Skeleton Feature Embedding

Following prior studies on few-shot learning [35, 157–160] and few-shot video ac-

tion recognition [161–166], we first pre-train an embedding network on the whole

meta-training set Dtrain using the cross-entropy loss for standard classification be-

fore proceeding to episodic training. We adopt the GCN-based model [16] as the

baseline network which has an adaptive spatial-temporal graph for extracting the
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relation among body joints. The GCN-based model, however, only processes the

features of the original scale. However, such single-scale modeling often misses

meaningful skeleton information, especially when only a single labeled sample is

available as described in Section 5.1. Inspired by [147, 150–153] which handle

multi-scale features, we represent human skeleton data at multi-spatial and multi-

temporal scales.

Multi-Spatial Scale Skeleton: We model skeleton actions at multiple spatial

scales. Specifically, we employ three distinct spatial scales including the body-joint

scale (s1), the part-level scale (s2), and the limb-level scale (s3), as illustrated

in Fig. 5.2 (a). We first build GCN blocks on the first scale to capture joint-

wise feature representations and then perform average pooling. For skeleton-based

representations, the pooling requires meaningful neighborhoods and we simply put

joints of the same spatial scale into one group.

Multi-Temporal Scale Skeleton: Recognizing that consecutive frames capture

continuous motions and poses reflecting analogous abstract states, we represent

skeleton data across multiple temporal scales. After processing several GCN blocks

at the original temporal scale, we incorporate two average pooling layers along the

temporal dimension to perform temporal pooling as illustrated in Fig. 5.2 (b).

Specifically, by applying average pooling to the features of consecutive frames from

the original scale, we consolidate them into a unified feature to represent a ‘new

frame’ in coarser scales, such as scale 2 or scale 3 As we apply average pooling with

strides of 2 and 4, the features of two consecutive frames are pooled to produce

the scale 2 features, while those of four consecutive frames are pooled to yield the

scale 3 features.

We implement 3 spatial scales and 3 temporal scales for illustration, where each

skeleton structure captures unique perspectives of skeleton representations. To

extract the multi-scale skeleton representation, each stream within the multi-spatial

and multi-temporal scale skeleton structures is individually optimized through the

cross-entropy loss.
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Figure 5.4: Illustration of optimal matching in Spatial Matching in (a) and
Temporal Matching in (b): In each of the two sub-figures, the three matching
strategies along the diagonal (in blue color) illustrate the proposed multi-scale
matching, and the rest 6 of the diagonal (in orange color) show the proposed
cross-scale matching. Here, s( · , · ) represents the semantic relevance score be-
tween two skeleton features. X and Y stand for two skeleton sequences.

5.2.3 Optimal Matching Strategy

Unlike [98–101] that compute distances over sequence-level embeddings, we strive

to capture discriminative local information of each body joint and design a skeleton

optimal matching scheme to compute semantic relevance based on optimal trans-

port theory as discussed in Section 5.1. Specifically, we adopt the Earth Mover’s

Distance (EMD) [156] as the optimal transport matching metric. This approach

aims to search for the minimal cost transport plan between two joints’ feature dis-

tributions by maximizing the influence caused by relevant joints and minimizing

the impact between irrelevant joints.

Here, we first utilize the single-scale model as an illustrative example to show how

we formulate the one-shot skeleton action recognition as the optimal matching prob-

lem by employing the Earth Mover’s Distance (EMD). The skeleton representation

embedded by the single-scale model can be represented as X ∈ RC×N×T , where C

is the number of output channels, N denotes the number of skeleton joints, and T

denotes the number of frames. Given two feature maps X,Y ∈ RC×N×T , we first

flatten them into two sets of local joint representations X = {xi|i = 1, 2, ...NT}
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and Y = {yj | j = 1, 2, . . . NT}, where xi and yj (xi, yj ∈ RC) denote the local joint

representations at the corresponding spatial and temporal positions, respectively.

Then we define the EMD between two sets of local representations as the minimum

“transport cost” from suppliers (X ) to demanders (Y). Assuming each supplier xi

possesses ri units for transport and each demander yj requires cj units, the overall

optimal transport matching problem can be encapsulated as:

OT (r, c) =
{
π ∈ RNT×NT |π1 = r, πT

1 = c
}
, (5.1)

where π is the optimal matching flow between these two distributions, which can

also be viewed as the optimal matching plan of two skeleton sequences. ri and cj

are called the weights of nodes, which control the total matching flows generated

by each node, and r and c are vectorized representations of {ri} and {cj}. EMD

seeks an optimal matching flow π between “suppliers” X and “demanders” Y , such

that the overall matching cost can be minimized.

Additionally, the transporting cost per unit is determined by calculating the pair-

wise distance between supplier node xi and demander node yj from two skeleton

features:

dij = 1 − xT
i yj

∥xi∥ ∥yj∥
, (5.2)

where nodes with similar local representations tend to generate small transporting

costs between each other. Then we can define the EMD as the optimal transporta-

tion problem, which is represented as:

Demd(X,Y) = min
π∈OT (r,c)

NT∑
i=1

NT∑
j=1

dijπij. (5.3)

The weight of each node (e.g., ri and cj) plays a significant role in optimal match-

ing problems. Intuitively, the node with a larger weight is more important when

matching two sets. Therefore, in order to assign the more important node a higher

weight, we follow [160] to generate weight ri by a cross-reference mechanism that
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employs the dot product between a joint representation and the average joint rep-

resentation within the other skeleton features:

ri = max

{
xT
i ·

∑NT
j=1 yj

NT
, 0

}
, (5.4)

where xi and yj denote the feature vectors from two skeleton feature maps, and

function max( · ) ensures the weight is always non-negative. Above we take ri

as an example, and cj can be calculated in the same manner. Upon acquiring

the optimal matching flow π, the semantic relevance score s between two skeleton

representations can be calculated as follows:

s(X,Y) =
NT∑
i=1

NT∑
j=1

(1 − dij)πij. (5.5)

These semantic relevance scores allow studying the composition of the overall rele-

vance, enabling us to assign high relevance to semantically similar joints no matter

whether they are in the same spatial order or temporal frame. Consequently, we

can tackle the problems that the semantic relevance of two skeleton sequences can

occur at different temporal positions or different spatial joints.

Multi-Scale Matching. As mentioned in Section 5.2.2, human skeleton data can

be represented in multi-spatial scales and multi-temporal scales, and each scale’s

representation contains unique semantic information. Therefore, we propose to cap-

ture the pair-wise skeleton semantic relevance at multiple scales, including multi-

spatial scale matching and multi-temporal scale matching, to acquire an optimal

matching flow from multiple spatial and multiple temporal scales.

For the multi-spatial scale scenario, there are three pairs of feature embeddings,

which can be represented as Xs1 ∈ RC×N×T , Xs2 ∈ RC×N2×T , and Xs3 ∈ RC×N3×T ,

respectively. Here, N2 denotes the number of nodes for the second-scale spatial

graph, and N3 stands for the number of third-scale spatial graph nodes. The
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semantic relevance score between two skeleton sequences is defined as:

sms(X,Y) = s(Xs1,Ys1) + s(Xs2,Ys2) + s(Xs3,Ys3). (5.6)

This enables us to seek the optimal matching flow using EMD, and measure the

semantic relevance at multiple spatial scales as shown in Fig. 5.4 (a) (highlighted

in blue color).

For the multi-temporal scale, there are also three pairs of feature embeddings, which

can be represented as Xt1 ∈ RC×N×T , Xt2 ∈ RC×N×T/2, and Xt3 ∈ RC×N×T/4, re-

spectively. The semantic relevance score between two skeleton sequences becomes:

smt(X,Y) = s(Xt1,Yt1) + s(Xt2,Yt2) + s(Xt3,Yt3). (5.7)

With the application of Eq. (5.7), the semantic relevance between two skeleton

sequences is measured at multiple temporal scales, as shown in Fig. 5.4 (b) (high-

lighted in blue color).

Cross-Scale Matching. As discussed in Section 5.1, different instances of the

same action class may be performed at different magnitudes (spatial scales). For

instance, consider the action class ‘hand waving’; it can be performed by merely

moving the palm (joint-level), by moving the forearm (part-level), or by mobi-

lizing the entire arm (limb-level). Additionally, the same-category samples can

also be performed at different speeds (temporal scale). Thus, there is also seman-

tic relevance between different scales’ skeleton representations for matching. To

address this cross-scale matching challenge, we further investigate how to measure

the semantic relevance between skeleton sequences across different scales, including

cross-spatial scale and cross-temporal scale matching, considering the possibility of

different spatial magnitudes and temporal speeds of the same action.

For cross-spatial scale matching, the three spatial scales’ skeleton representations

are Xs1 ∈ RC×N×T , Xs2 ∈ RC×N2×T , and Xs3 ∈ RC×N3×T . It can be seen that

all these three scales’ representations contain T frame features. Thus, we first
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perform 1D average pooling (AvgPool) on the spatial dimension to generate these

three scales’ features in the same shape (RC×T ). Next, we formulate the semantic

relevance score as an optimal matching problem over T frame features, to obtain

the optimal matching flow between different spatial-scale representations The cross-

spatial scale semantic relevance score can be represented as:

scs(X,Y) =
3∑

i=1

3∑
j=1,j ̸=i

s(AvgPool(Xsi), AvgPool(Ysj)). (5.8)

This process is shown in Fig. 5.4 (a) (highlighted in orange color). By following

this approach, we address the challenge of matching skeleton sequences that exhibit

varying degrees of motion magnitude

In addition to this, we handle the challenge of matching skeleton sequences that

exhibit varying speeds of motion by designing cross-temporal scale matching. The

three temporal scales’ skeleton features are represented as Xt1 ∈ RC×N×T , Xt2 ∈

RC×N×T/2, and Xt3 ∈ RC×N×T/4. It can be seen that these three scales’ representa-

tions all contain N joint features. Similarly, the 1D average pooling (AvgPool) can

be performed on the temporal dimension to pool Xt1, Xt2, and Xt3 into the same

shape (RC×N). Consequently, we apply the Earth Mover’s Distance to measure the

semantic relevance score across different temporal scales, which can be expressed

as

sct(X,Y) =
3∑

i=1

3∑
j=1,j ̸=i

s(AvgPool(Xti), AvgPool(Ytj)), (5.9)

This process is shown in Fig. 5.4 (b) (highlighted in orange color). By applying

Eq. (5.9), we can effectively match action sequences that exhibit different motion

speeds.

Summary. As mentioned above, we first introduce the single-scale semantic rel-

evance score s(X,Y) (Eq. (5.5)) that considers the useful spatial structure and

temporal order information during matching. To address the problem that different

instances of the same action class samples may be performed at different paces with
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different motion dynamics, we introduce 4 types of semantic relevance scores in-

cluding multi-spatial scale (sms(X,Y), Eq. (5.6)), multi-temporal scale (smt(X,Y),

Eq. (5.7)), cross-spatial scale (scs(X,Y), Eq. (5.8)), and cross-temporal scale

(sct(X,Y), Eq. (5.9)). Our proposed model averages these multi-scale and cross-

scale relevance scores to generate a final semantic relevance score, which is subse-

quently utilized to predict the action category.

5.2.4 Objective Loss, Model Training, and Inference

The majority of current few-shot learning techniques [35, 157–160] implement a

pre-training stage prior to meta-learning. The effectiveness of this stage within

the realm of few-shot learning has been validated by [167, 168]. Therefore, the

proposed method is trained in two sequential stages: The First is the pre-training

stage. The embedding network is trained on the meta-training set Dtrain in a

standard supervised learning way (Section 5.2.2). The embedding network and our

optimal matching method (Section 5.2.3) are further optimized in an end-to-end

manner, following [156, 169]. Both training stages leverage the Softmax cross-

entropy loss as the classification loss Lcls for optimization. Given an unseen query

sequence q and its support set S (both sampled from meta-testing set Dtest) at test,

the goal is to determine which support set classes q belongs to.

5.3 Experiments

5.3.1 Datasets

We conduct experiments on three datasets: NTU RGB+D [18], NTU RGB+D

120 [98], and PKU-MMD [121]. Detailed descriptions of these datasets are pro-

vided in Section 4.3.1. It is worth noting that the PKU-MMD consists of two

subsets, part I and part II. In this work, we conduct experiments on the part I

subset.
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5.3.2 Training and Evaluation Protocol

Training Protocol. As described in Section 5.2.1, we formulate the one-shot

skeleton action recognition problem as a meta-learning problem [35, 37, 160, 162,

163]. Therefore, we adopt the meta-training phase as our training protocol. All

experiments are trained under the 5 -way, 1 -shot setting, and we set the number

of query samples for each class to 15.

Evaluation Protocol 1. Similarly, we conduct the evaluation on 5 -way, 1 -shot

setting, and adopt this procedure as Evaluation Protocol 1 in the following exper-

iments.

Evaluation Protocol 2. To compare with the existing one-shot skeleton action

recognition techniques [98–101, 103, 104] in a fair way, we also follow the official

one-shot protocol described in [98] for the dataset NTU RGB+D 120. Specifically,

the testing set consists of 20 novel classes, and we pick one sample from each novel

class as the exemplar and leave the rest (except for the 20 exemplars) to test the

recognition performance. For datasets NTU RGB+D and PKU-MMD, we adopt a

similar protocol in experiments.

5.3.3 Implementation Details

Pre-training Stage. We use the SGD optimizer with Nesterov momentum (0.9)

as the optimizer. The learning rate is set as 0.1 and is divided by 10 at the 30th

epoch and the 40th epoch. The training process is ended at the 50th epoch. For

NTU RGB+D and NTU RGB+D 120, the batch size is set as 64. The batch size

for the PKU-MMD dataset is 32.

Meta-learning Stage. The learning rate starts at 0.001 and decays every 10

epochs by 0.5. We train for 100 epochs using the SGD optimizer, and each epoch

consists of 100 episodes from the meta-training set Dtrain. For the meta-testing

phase, we sample 1000 episodes from meta-testing set Dtest. (Dtrain and Dtest are

defined in Section 5.2.1).
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Embedding Network. We use Adaptive Graph Convolutional Network [16]

(AGCN) as our single-scale embedding network which has 9 GCN blocks. For

multi-spatial and multi-temporal networks, the first 6 blocks are shared to cap-

ture the single-scale features. Then each scale feature is processed by the other 3

individually and in parallel.

We implement our method with the PyTorch framework. All experiments are

conducted on Nvidia 2080Ti GPUs with CUDA 11.

5.3.4 Dataset Splitting

For dataset NTU RGB+D 120, we adopt the one-shot skeleton action setting as

described in [98] which splits the full dataset into a training set and a testing set.

The action classes of the two sets are distinct which include 100 classes for training

and 20 for testing. For dataset NTU RGB+D, the training set and testing set

are determined by the selection of 50 classes and 10 classes from the 100 training

and 20 testing classes of the NTU RGB+D 120, respectively. In a similar fashion,

for dataset PKU-MMD, we divide the action categories into a training set and a

testing set which include 41 classes for training and 10 classes for testing.

As no hold-out validation set is defined in the one-shot skeleton action setting, and

all three datasets contain the cross-subject setting for supervised action recognition.

Therefore, we divide the training class data into the training set and validation set

based on the cross-subject principle for the one-shot skeleton action recognition

task. The original testing sets for these three datasets are retained as the testing

sets for one-shot skeleton action recognition.

5.3.5 Evaluating on One-Shot Skeleton Action Recognition

We conduct extensive experiments with five optimal matching strategies that in-

clude single-scale (‘S-scale’), multi-spatial scale (‘Ms’), multi-temporal scale (‘Mt’),
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Table 5.1: One-shot skeleton recognition experiment under the Evaluation Pro-
tocol 1. (S-scale: single-scale matching; M-scale: multi-scale matching; M&C-
scale: multi-scale and cross-scale matching)

Method NTU NTU 120 PKU-MMD
ProtoNet [35] 78.3 80.3 84.7
FEAT [159] 77.8 80.0 83.8
Subspace [157] 77.9 80.5 84.2
Dynamic Filter [158] 79.3 80.4 84.9
S-scale (Ours) 80.4 81.2 85.7
M-scale (Ours) 82.6 83.5 88.2
M&C-scale (Ours) 83.7 84.5 89.3

cross-spatial scale (‘Cs’), and cross-temporal scale (‘Ct’). We combine ‘Ms’ and

‘Mt’ to form a new multi-scale strategy ‘M-scale’. In addition, we combine ‘Ms’,

‘Mt’, ‘Cs’, and ‘Ct’ to form another new strategy ‘M&C-scale’ that matches spa-

tial and temporal features simultaneously at multiple scales and also cross scales.

We compare our method with two groups of state-of-the-art methods on one-shot

skeleton action recognition. The first group consists of state-of-the-art few-shot

image classification methods including Subspace [157], ProtoNet [35], Dynamic

Filter [158], FEAT [159]. All these methods use the same embedding network as

our method for fair comparisons. We re-implement [35, 157–159] based on pub-

licly available codes and conduct experiments on the NTU RGB+D, NTU RGB+D

120, and PKU-MMD datasets. The second group consists of state-of-the-art one-

shot skeleton action recognition techniques including APSR [98], TCN [99], SL-

DML [100], Skeleton-DML [101], uDTW [104], and JEANIE [103]. For those one-

shot skeleton action recognition works [98–101, 103, 104], the results in Tabs. 5.1,

5.2, and 5.4 are from the original papers. We compare our method with the first

group methods under both evaluation protocols, while the second group with Eval-

uation Protocol 2 only.

Evaluation Protocol 1: We evaluate the 5 -way 1 -shot setting on all three

datasets and Table 5.1 shows experimental results. It can be seen that our pro-

posed single-scale optimal matching outperforms state-of-the-art few-shot learning

methods on all three datasets. In addition, our proposed multi-scale and cross-scale
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Table 5.2: One-shot skeleton recognition experiments under the Evaluation
Protocol 2. (S-scale: single-scale matching; M-scale: multi-scale matching;
M&C-scale: multi-scale and cross-scale matching)

Method NTU NTU 120 PKU-MMD
Attention Network [52] – 41.0 –
Fully Connected [52] – 42.1 –
Average Pooling [3] – 42.9 –
APSR [98] – 45.3 –
TCN [99] – 46.5 –
SL-DML [100] – 50.9 –
Skeleton-DML [101] – 54.2 –
uDTW [104] 72.4 49.0 –
JEANIE [103] 80.0 57.0 –
ProtoNet [35] 74.8 60.4 78.1
FEAT [159] 74.3 61.5 75.9
Subspace [157] 75.6 60.9 75.6
Dynamic Filter [158] 75.9 60.6 78.8
S-scale (Ours) 77.4 63.2 82.8
M-scale (Ours) 81.6 67.6 85.7
M&C-scale (Ours) 82.7 68.7 86.9

matching strategies further improve one-shot skeleton action recognition by large

margins, demonstrating the effectiveness of our proposed method on the one-shot

skeleton action recognition task.

Evaluation Protocol 2: Following the one-shot setting in [98], we also conduct

experiments on NTU RGB+D, NTU RGB+D 120, and PKU-MMD datasets under

Evaluation Protocol 2. Similar to the experiments on Evaluation Protocol 1, our

proposed method outperforms the state-of-the-art one-shot skeleton action recog-

nition and few-shot learning methods by large margins (up to 8% on NTU120 and

PKU-MMD). Table 5.2 shows more details of the experiments.

5.3.6 Ablation Studies

Matching Strategies: We draw comparisons between our proposed optimal

matching method and the global matching scheme that adopts global average pool-

ing to generate feature vector, as well as a local matching scheme that computes
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Table 5.3: Comparison of different feature embedding approaches and distance
metrics under Evaluation Protocol 2. (EMD: earth mover’s distance)

Embedding Metric NTU NTU 120 PKU-MMD
Global Euclidean 71.6 56.1 78.1
Global Cosine 74.8 60.4 74.8
Local Euclidean 74.7 58.0 80.7
Local Cosine 75.8 61.3 80.8
Local EMD 77.4 63.2 82.8

joint-to-joint distances (either Euclidean or Cosine distance) with local-level repre-

sentations. For fair comparisons, we adopt the same backbone and training scheme

for all compared methods, and Table 5.3 presents the results of these experiments.

We can observe that models with local-level representations perform better than

models that rely on the global-level representations (in globally pooled feature

vectors). In addition, our method which works with the optimal matching flow

between all pairs of joints outperforms all compared methods. It should be noted

that all these experiments were carried out on the single-scale model following

evaluation protocol 2.

Reducing Training Classes: While evaluating one-shot action recognition meth-

ods, one interesting question is how many training classes are required to achieve

fair recognition performance. We examine this issue under Evaluation Protocol 2

by following prior studies on NTU RGB+D 120 dataset [98, 100, 101, 103, 104]. Ta-

ble 5.4 shows experimental results. It can be seen that our method outperforms the

state-of-the-art by large margins under different numbers of training classes. With

a training set of 60 classes, our method is on par with state-of-the-art methods that

are trained by using 100-class training set. This clearly shows the effectiveness of

our proposed optimal matching.

Effect of Multi-Scale and Cross-Scale Matching Manners: We conduct

experiments on different combinations of our proposed optimal matching strate-

gies. Table 5.5 shows experimental results under evaluation protocol 2. We can

see that including any of our proposed matching strategies (Ms, Mt, Cs, and Ct)
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Table 5.4: Experiments on different sizes of the auxiliary training set for one-
shot skeleton recognition on NTU RGB+D 120 dataset. (S-scale: single-scale
matching; M-scale: multi-scale matching; M&C-scale: multi-scale and cross-
scale matching)

Train Classes 20 40 60 80 100
APSR [98] 29.1 34.8 39.2 42.8 45.3
SL-DML [100] 36.7 42.4 49.0 46.4 50.9
Skeleton-DML [101] 28.6 37.5 48.6 48.0 54.2
uDTW [104] 32.2 39.0 41.2 45.3 49.0
JEANIE [103] 38.5 44.1 50.3 51.2 57.0
ProtoNet [35] 36.7 45.7 54.4 55.5 60.4
FEAT [159] 37.6 44.2 52.2 55.4 61.5
Subspace [157] 37.7 45.3 54.2 55.5 60.9
Dynamic Filter [158] 34.5 43.0 54.0 52.9 60.6
S-scale (Ours) 37.9 46.5 54.6 58.7 63.2
M-scale (Ours) 41.2 52.6 59.0 62.4 67.6
M&C-scale (Ours) 44.1 55.3 60.3 64.2 68.7

Table 5.5: Evaluation of different combinations of optimal matching manners
under the Evaluation Protocol 2: The second line shows the baseline result
under the single-scale matching manner. (Mt: multi-temporal scale matching;
Ms: multi-spatial scale matching; Ct: cross-temporal scale matching; Cs: cross-
spatial scale matching)

Mt Ms Ct Cs NTU NTU 120 PKU-MMD
77.4 63.2 82.8

✓ 79.3 65.0 85.0
✓ 79.6 65.1 84.9

✓ ✓ 81.6 67.6 85.7
✓ ✓ 80.7 66.7 85.7

✓ ✓ 80.8 67.3 86.0
✓ ✓ ✓ ✓ 82.7 68.7 86.9

improves the one-shot skeleton action recognition clearly. Including all four match-

ing strategies performs simply the best over all three datasets, demonstrating the

effectiveness of our proposed optimal matching technique.

Effect of Multiple Spatial Scales and Multiple Temporal Scales: We

conduct an analysis how models with different spatial and temporal scales (as the

backbone) perform for the one-shot skeleton action recognition task. Table 5.6

shows the one-shot learning performance with different combinations of scales. We

can observe that the model performs the best when combining scales 1, 2, and
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Table 5.6: Evaluation of our proposed multi-scale matching with different scale
combinations. The experiments were conducted on NTU RGB+D 120 dataset
under the Evaluation Protocol 2.

scales Multi-Spatial Scale Multi-Temporal Scale
1 63.2 63.2
1,2 64.3 64.4
1,3 64.6 64.2
1,2,3 65.1 65.0

3. In addition, models employing two scales (scales 1 and 2 or scales 1 and 3)

also outperform the model using scale 1 only, showing the benefits of the proposed

multi-scale representations.

5.4 Summary

In this study, we approach the challenge of one-shot skeleton action recognition

by formulating it as a matching problem We obtain the multi-spatial and multi-

temporal scale features by designing hierarchical pooling that represents the same

skeleton sequence at various spatial and temporal scales. Moreover, based on the

multi-scale skeleton features, we propose a multi-scale skeleton matching strategy

and a cross-scale skeleton matching method to measure the semantic relevance be-

tween two skeleton sequences for one-shot skeleton action recognition. The exper-

iments demonstrate that our proposed method achieves superior one-shot skeleton

action recognition performance.
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Conclusion and Future Work

6.1 Conclusion

This thesis delves into the fewer-label scenario for skeleton action recognition. It

presents a range of methodologies, spanning weak-supervised, self-supervised, and

one-shot learning, to tackle the challenges associated with fewer label data.

In light of the shared joint-aware feature foundation in both gesture recognition

and hand pose estimation, in our first work presented in Chapter 3, we propose a

weakly supervised learning scheme that is capable of leveraging hand pose (or ges-

ture) annotations to learn powerful gesture recognition (or pose estimation) models.

Specifically, we present a collaborative learning method for joint gesture recogni-

tion and 3D hand pose estimation. Our model learns in a collaborative way to

recurrently exploit the joint-aware feature to progressively boost the performance

of each task. Additionally, we develop a multi-order multi-stream model to learn

motion information in the intermediate feature maps and designed a multi-scale

relation module to extract semantic information of the hierarchical hand structure.

This weakly supervised learning strategy greatly relieves the data annotation bur-

den, especially considering the very limited annotated 3D pose data and the wide

availability of annotated hand gesture data. Our proposed collaborative learning
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network achieves state-of-the-art performance for both gesture recognition and 3D

hand pose estimation tasks.

Recently, some self-supervised learning methods in the image domain have shown

promising results, yet their potential in skeleton action recognition remains under-

explored. In our second work presented in Chapter 4, we tackle self-supervised rep-

resentation learning for skeleton action recognition. We introduce a novel coarse-

fine masked skeleton cloud colorization method that is capable of learning skeleton

representations from unlabeled data. Specifically, we obtain colored skeleton cloud

representations by stacking skeleton sequences to 3D skeleton clouds, and then

assigning colors to each point based on its temporal and spatial order in the skele-

ton sequences. Furthermore, we incorporate a dual-stream pre-training framework

that capitalizes on both coarse and fine-grained colorization, facilitating the ac-

quisition of multi-scale spatial-temporal features. Additionally, we introduce a

Masked Skeleton Cloud Repainting task to pre-train the designed auto-encoder

framework. Extensive experiments across different datasets demonstrate that our

proposed method achieves superior unsupervised and semi-supervised action recog-

nition performance.

The third part of this thesis delves into a more challenging fewer-label scenario in

skeleton action recognition, the one-shot learning scenarios, which aim to recognize

new action categories from a single reference example. In the third work presented

in Chapter 5, we study the one-shot learning in skeleton action recognition and

formulate one-shot skeleton action recognition as an optimal matching problem.

We introduce a multi-scale matching strategy that can capture scale-wise skele-

ton semantic relevance at multiple spatial and temporal scales. On top of that,

we design a novel cross-scale matching scheme that can model the within-class

variation of human actions in motion magnitudes and motion paces. To the best

of our knowledge, this is the first work that exploits multi-scale representations

and cross-scale matching to capture multi-scale skeleton semantic relevance and

maintain consistency across motion scales in one-shot skeleton action recognition.



Chapter 6. Conclusion and Future Work 93

Extensive experiments on three public datasets show that our method outperforms

the state-of-the-art consistently by large margins.

6.2 Future Work

Our current investigation is centered on weakly-supervised and self-supervised tech-

niques that address the challenge of scant labels in intra-dataset/format evalua-

tions, alongside the one-shot learning approach, which uniquely enables the recog-

nition of actions from previously unseen classes with only a single example.

This exploration naturally gives rise to two critical inquiries:

(1) How should we address evaluations that require navigating across diverse datasets

or formats?

(2) What strategies can we employ in scenarios devoid of any label data for novel,

unseen classes?

To address these pivotal concerns, our forthcoming studies will delve into lever-

aging zero-shot learning techniques and cross-domain methodologies as potential

solutions.

Zero-shot Learning for Skeleton Action Recognition. In Chapter 5, we have

studied the challenge scenario that there is only one sample of the new category

during practice. On the other hand, zero-shot learning represents an even more

challenging scenario with limited label information. Here, only semantic data such

as names, attributes, or descriptions of new classes are accessible for the new cate-

gories. There is a growing demand for zero-shot skeleton-based action recognition

in real-world applications because it eliminates the extensive process of gathering

and annotating new actions. Currently, only a limited number of studies [170, 171]

have addressed zero-shot skeleton-based action recognition, which is still a nascent

research area. Therefore, zero-shot learning in skeleton action recognition is worthy

of exploration in future work.
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Cross-domain Skeleton Action Recognition. Recent developments in skele-

ton methodologies primarily focus on training and evaluating within the common

intra-dataset scenario. However, in real-world applications, it is not easy to hold

such an assumption, because labeling a dataset with the same distribution as the

target data is a laborious task. Ideally, it would be more efficient to leverage an

existing public annotated skeleton or even an image dataset as the source. Yet, a

notable domain gap usually exists between these source and target datasets. This

variance stems from multiple sources, including the type of devices utilized (like

3D sensors [172, 173] or image-based pose estimation tools [174, 175]), diverse cam-

era setups (with altered viewpoints), and contrasting environments (ranging from

controlled laboratory settings to dynamic real-world conditions). These elements

lead to distinct skeleton styles across datasets in terms of joint types, quality,

viewpoints, and action categories. Despite the domain gap being a critical issue

in skeleton-based action recognition, it remains largely unaddressed in current re-

search. Thus the cross-domain problem in skeleton action recognition is worthy of

exploration in future work.
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