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ABSTRACT

3D shape and pose estimation of hands and manipulated object is an important and long-

standing problem in computer vision. This problem can be particularly challenging due

to extreme variations in object shape and texture. In addition, heavy occlusions can be

introduced by other objects in the scene or humans during interaction. Nevertheless, model-

ing hand-object manipulations is essential for understanding how humans interact with the

physical world.

There are many challenges in modeling hand-object interactions. In this thesis, we focus on

three outstanding challenges which unifies geometry-driven and data-driven methods: (1)

estimating 3D pose and shape from 2D images is an extremely ill-posed problem due to

the loss of depth information during 3D projection to 2D, (2) inexpressive and physically

implausible 3D hand reconstructions, 3) inability to recognise seen actions on unseen objects.

In this thesis, we propose three main contributions to overcome these challenges. First, we

present a new collaborative learning strategy in which two branches of deep neural network

mutually exchange information for 3D hand-object reconstruction from single RGB image.

Second, we present a new Transformer-based method that estimates the absolute root pose

and shape of two-hands with extended forearm at high resolution from egocentric RGB

images. Third, we present a new method for compositional action recognition by leveraging

3D geometric information from egocentric RGB videos. Specifically, we exploit superquadrics

for both template-free object reconstruction and interaction recognition.

This thesis pushes the state-the-art for understanding hand and object from RGB images
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and videos. First, we show that a collaborative learning framework which allows sharing of

3D geometric information across two branches of networks iteratively can tackle the problem

of mutual occlusions. Through this novel network architecture design, we achieve state-of-

the-art performance on several common public benchmarks. Second, we present the first

method that reconstruct high fidelity two-hand meshes with extended forearms from multi-

view RGB images. We demonstrate that by leveraging the properties of graph Laplacian

from spectral graph theory can effectively aggregate multi-view features as well as producing

smooth meshes. Third, we explore superquadrics as an alternative 3D object representation

to bounding boxes and demonstrate that it is beneficial to recognising seen actions on unseen

objects.
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Chapter One

INTRODUCTION

1.1 Problem statement

Understanding human hand-object interaction is a long-standing challenge in computer vi-

sion. It delves into how humans engage with the physical world where object manipulation

plays a central role. As shown in Figure 1.1, hands serve as the primary tools for daily

interactions with a variety of objects in an environment to complete a wide range of tasks.

Therefore, understanding hand-object interaction represents a crucial step towards general

understanding of humans in unconstrained environments which finds numerous of applica-

tions such as Augmented Reality (AR), Virtual Reality (VR), and robotics.

In the current literature, the dominant way to approach this problem is to classify

the action labels, such as grasping, lifting or taking, based on visual inputs (Jhuang et al.,

2013; Carreira et al., 2017; Varol et al., 2017; Kantorov et al., 2014). However, despite

achieving high accuracy, these models do not capture the rich and complex dynamics of how

the action is performed, such as the hand pose, the object shape, the contact areas, and

the applied forces. Moreover, in order to transfer the knowledge from vision to robotics, it

is essential to provide semantic or geometric information about the scene, which is usually

1



INTRODUCTION

Figure 1.1: Examples of everday’s hand-object interactions from Epic-Kitchens (Damen et
al., 2018). Object manipulation plays a crucial role in human everyday life. (Figure taken
from the Epic-Kitchens dataset (Damen et al., 2018).)

obtained by extracting 2D segmentation maps and some additional information at the pixel

level. However, these intermediate representations do not provide enough information to

reason about contacts and forces. Therefore, a complete 3D understanding of hand-object

interaction is essential for advancing the field and enabling various applications.

In this thesis, we make contributions towards unified recognition of two hands manip-

ulating objects. Specifically, we study the following two tasks within hand-object interaction:

3D pose and shape estimation and action recognition. Our hope is to develop meth-

ods that accurately estimate dense 3D shape and pose of hand and manipulated objects 1,

as well as recognise their interactions. We consider three types of problem scenarios along

with this direction in this thesis:

1. 3D pose and shape estimations from single RGB image: We estimate the 3D pose

and shape of single hand and manipulated object during interaction from single RGB

image.
1These refer to physical items that are interacted with or altered by a person or an intelligent system. In

the context of computer vision and robotics, manipulated objects can include everyday items such as tools,
utensils, toys, or any other objects that are handled, moved, or transformed during a task or activity.

2
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2. 3D pose and shape estimations from egocentric view: We estimate the absolute 3D

pose and shape of two-hand from egocentric multi-view images to simulate AR/VR

problem settings. This motivated by the fact human usually interacts with object

using both hands.

3. 3D pose and shape estimations and action recognition from egocentric videos: We

jointly estimate the 3D pose and shape of hand-object and recognise interaction from

egocentric videos.

1.2 Motivation

In the following, we detail applications of hand-object modeling in AR, robotics and surgical

contexts.

AR. Estimating the hand and object pose accurately is useful for AR, where the view of the

user is enhanced by computer-generated information. As illustrated in Figure 1.2, consumer

head-mounted displays like Google Glasses or Microsoft HoloLens have a dedicated Com-

puter Vision Application Programming Interface (API) that can assist users in performing

specialised tasks that require dexterous object manipulation. These wearable devices are

particularly suitable for training hand-related tasks, such as surgery or machine manipula-

tion. Moreover, reconstructing the manipulation sequence in 3D space and time can help

monitoring the interventions and detecting errors.

Robotics. This field aims to create machines capable of performing tasks that humans can

do, such as manipulating objects, navigating environments, and collaborating with other

agents. To achieve this goal, robotics needs to understand how humans interact with objects

using their hands, which is the main tool for object manipulation. By understanding hand-
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Figure 1.2: Example applications to AR devices. Left: Google Glasses provides new commu-
nication experiences by translation and transcription (Figure taken from Google VR (2024)).
Right: Microsoft HoloLens offers new ways for medical surgeons to plan operations (Figure
taken from Kelion (2019)).

object interaction, robotics can learn from human behavior and intention, and improve its

own performance and adaptability. For example, understanding hand-object interaction

can help robotics to design better grippers, plan optimal grasps, generate natural motions,

and coordinate with human partners. Moreover, understanding hand-object interaction can

enable robotics to transfer the knowledge from vision to action, and to simulate and evaluate

different scenarios of object manipulation. Therefore, understanding hand-object interaction

is essential for advancing the field and application of robotics.

Surgical contexts. Understanding hand-object interaction in surgical settings is important

for several critical reasons. First, it directly impacts precision and safety during procedures

as surgeons rely on their hands and instruments to execute intricate maneuvers and accurate

interaction ensures optimal outcomes. Second, the skill level of a surgeon can be observed

by analysing hand-object interaction and hence be improved by tailored training and iden-

tifying areas of improvement. Third, as robotic systems become more prevalent in surgery,

comprehending how human operators interact with these tools is essential for seamless com-

munication between surgeons and robots. Lastly, hand-object pose estimation aids surgical

navigation systems, enhancing planning and execution.
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1.3 Challenges

In this section, we discuss several the outstanding challenges that arise during 3D pose and

shape estimation of hand-object, and also during action recognition.

High degrees of freedom in hands. Hand pose estimation involves optimising 51 De-

grees of Freedom (DoF) (Q. Ye et al., 2016). However, due to strong correlations among the

joint angles of the fingers, the effective DoF is significantly lower than 51 in practical sce-

narios (Pavlakos et al., 2019). Despite this, when directly predicting hand pose parameters

from an RGB image using a deep neural network, these inherent correlations may not be

properly captured, leading to unrealistic and implausible hand poses.

Occlusions. As hands are highly articulated, it is common that several parts of the hand

tend to be self-occluded. While multi-view settings can alleviate this problem, it remains

challenging in single view setting as the pose of occluded fingers are main source of ambi-

guity. This problem is further compounded during hand-object interactions, where accurate

grasp poses are difficult to estimate. In addition, the problem of occlusions becomes more

significant when under egocentric perspective, as this viewpoint frequently exhibits large

degree of erratic camera motion.

Variations in shape. Human hands can exhibit large shape variations. Previous re-

search (Garcia-Hernando et al., 2018; Baek et al., 2018; Ge et al., 2018) mostly focuses on

evaluating the 3D joint locations which can be described as a function of hand shape and

joint angles. Consequently, despite accurate joint angle estimation, the resulting hand pose

may not be reliable if the hand shape is inaccurately estimated. Similarly, everyday objects

also exhibit a wide diversity of sizes and shapes, adding further complexity to the problem.

Physically implausible shape recovery. Early works (Mueller et al., 2018; Simon et al.,
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2017; Spurr et al., 2018; Zimmermann et al., 2017) primarily focused on sparse keypoint

estimation which has limited reasoning ability about hand-object interactions. While dense

3D hand meshes can be estimated from images by fitting a hand mesh to detected joints or

through tracking with a good initialisation (La Gorce et al., 2011), recent advancements have

explored end-to-end learnable models for capturing the 3D shape or surface of a hand using

depth input (Malik et al., 2018; Malik et al., 2020). However, existing methods often neglect

the critical constraints that govern object interactions in the physical world. Specifically,

they fail to account for physical prior knowledge that objects cannot interpenetrate each

other and that, during grasping, contacts occur at the surface between the object and the

hand.

Generalisation to unseen objects on seen action. While deep architectures trained on

large scale datasets (Sigurdsson et al., 2016; Kay et al., 2017; Karpathy et al., 2014) exhibit

strong distribution learning capabilities, mainstream action recognition models (Simonyan

et al., 2014; Carreira et al., 2017; Feichtenhofer et al., 2019; L. Wang et al., 2016) primarily

focus on frame appearance rather than temporal reasoning. Consequently, reversing the order

of the video frame at test time will often produce the same classification result as shown

in (Materzynska et al., 2020; B. Zhou et al., 2018). In particular, classical activity recognition

methods like the two-stream Convolutional Neural Network (Simonyan et al., 2014) and

I3D (Carreira et al., 2017) have demonstrated strong performance on various video datasets,

including UCF101 (Soomro et al., 2012) and Sport1M (Karpathy et al., 2014), with only still

frames and optical flow. While appearance features can be highly predictive of the action

class (Santoro et al., 2017; Battaglia et al., 2018), it remains challenging for appearance-

based deep networks to capture the compositionality of action and objects without temporal

transformations or geometric relations (Materzynska et al., 2020).
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1.4 Thesis outline and contributions

In this thesis, we propose to model hand-object interactions from colour images in both first-

person and third-person perspectives. Our main objective is to jointly reconstruct the 3D

geometry of hands and manipulated objects, and understand their interactions from colour

images. We aim to accurately estimate the dense surfaces of the hand and object, while

also capturing precise contact locations at the hand-object surfaces interface and recovering

physically plausible 3D shape reconstructions.

In Chapter 3, we present an end-to-end trainable collaborative learning method for

hand-object reconstruction from a single RGB frame. We design an attention-guided graph

convolution to capture mesh information dynamically and tackle the problem of mutual

occlusions. We introduce an unsupervised training strategy for effective feature transfer

between hand-object branches and stabilise training. We achieve state-of-the-art accuracy in

3D hand-object reconstruction benchmarks at the time of publication. We also demonstrate

that our model achieves highly physically plausible results without contact terms.

In Chapter 4, we combine ideas from the spectral graph theory and Transformers and

present a spectral graph-based Transformer architecture that reconstructs two high fidelity

from egocentric multi-view RGB images. We consider a more challenging problem setting

where we directly regress the absolute root poses of two-hands with extended forearm at high

resolution from egocentric view. As existing datasets are either infeasible for egocentric view-

points or lack background variations, we create a large-scale synthetic dataset with diverse

scenarios and collect a real dataset from multi-calibrated camera setup to verify our pro-

posed multi-view image feature fusion strategy. We design an efficient soft attention-based

multi-view image feature fusion in which the resulting image features are region-specific to

segmented hand mesh. To make the reconstruction physically plausible, we propose two

strategies: (i) a coarse-to-fine spectral graph convolution decoder to smoothen the meshes
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during upsampling and (ii) an optimisation-based refinement stage at inference to prevent

self-penetrations. We show that our framework is able to produce realistic two-hand recon-

structions and demonstrate the generalisation of synthetic-trained models to real data, as

well as real-time AR/VR applications.

In Chapter 5, we propose to leverage 3D geometric information for reasoning composi-

tional action recognition from egocentric RGB videos. We show that using superquadrics as

the intermediate 3D object representation is beneficial for 3D hand pose estimation and in-

teraction recognition. We are the first to exploit superquadrics for both template-free object

reconstruction and interaction recognition. We extend two egocentric hand-object datasets

by introducing new compositional splits and investigate compositional action recognition

where a subset of action verb and noun combinations do not exist during training. We

achieve state-of-the-art performance on two public benchmarks in both official and our com-

positional settings.

In the remaining chapters, we conclude this thesis by summarising the contributions of

our work, discussing its limitations and open problems, and outlining possible opportunities

for future work.

8



Chapter Two

RELATED WORK

This chapter provides a survey of previous work related to modelling hand-object interac-

tions. We first review the literature on independent hand and object modelling in Section 2.1

and 2.2. Then, we focus on the methods which model hands and objects simultaneously in

Section 2.3 and 2.4, respectively.

2.1 Hand

Research in hand pose estimation has a rich history due to its wide range of applications,

i.e. human-computer interaction, AR/VR devices and activity recognition. In the following,

we first review the literature of hand modelling by categorising previous work into generative

and discriminative methods in Section 2.1.1. Then, we focus on 3D hand pose and shape

estimation from colour images in Section 2.1.2 as they are most similar in spirit to the

approaches proposed in this thesis.
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Mesh Geometric Primitives Sphere surfaces Subdivision surfaces

Tzionas et al., 2016 Oikonomidis et al., 2012 Wan et al., 2019 Taylor et al., 2016

Figure 2.1: Different hand representations used in the literature. From left to right: mod-
elling hand with mesh (Tzionas et al., 2016), a collection of geometric primitives (Oikonomidis
et al., 2012), sphere surfaces (Wan et al., 2019) and subdivision surfaces (Taylor et al., 2016).

2.1.1 Hand modelling

Generative approaches. This class of methods assumes the availability of a generative

hand model, i.e. 3D meshes, collections of geometric primitives and implicit representations

(see Figure 2.1). These hand models are usually personalised as they are captured manually.

Generative approaches typically recover hand pose estimate by optimising these explicit

hand model with a set of pre-defined constraints. They have the advantages of modelling

image evidence with statistical or physical likelihood of hand poses. However, they are

prone to inaccurate initialisation and rely on multiple optimisation constraints to minimise

uncertainty. In the following, we briefly introduce several more recent works that estimate

a detailed hand shape automatically. D. J. Tan et al. (2016) present a practical method for

personalising a hand shape to an individual user using depth images. Tkach et al. (2017)

propose an online optimisation algorithm that jointly estimates pose and shape of the hand in

each frame for real-time hand tracking. Remelli et al. (2017) present a sphere mesh tracking

model for personalising user from a collection of depth measurements. Romero et al. (2017)

introduce a parametric model of hand shape and pose called MANO. MANO is learned from

more than 1000 high-resolution 3D scans of hands from 31 subjects across a diverse hand

poses. It provides a compact mapping from hand poses to pose blend shape corrections and

can be used for generative model fitting. We illustrate in Figure 2.2 the variations of hand
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Figure 2.2: Qualitative examples of the MANO parametric hand model (Romero et al., 2017)
PCA shape and pose space. As indicated, we visualise the mean shape and pose space by
varying the effect of the first 5 principal components (PC). We also show the effect of each
PC by adding variations on standard deviations (std).

reconstructions in the PCA shape and pose space.

Discriminative approaches. In contrast, this class of methods are data-driven which

often used to perform independent per-frame pose estimation. As they are based on machine

learning techniques, they usually require large-scale annotated data for model training. In

earlier works, random forests have been the mainstream (P. Li et al., 2015; X. Sun et al., 2015;

Tang et al., 2014; Wan et al., 2016) due to its accuracy and speed. Recently, Convolutional

Neural Network (CNN) are widely used as they promise large learning capacities for this

task (Baek et al., 2018; Ge et al., 2016; Ge et al., 2018; Oberweger et al., 2015; Wan et al.,

2017). While these methods operate on single frame estimations and do not propagate error

across frames, they are more susceptible to temporal jittering and potential data biases.

Hybrid approaches. As both generative and discriminative approaches have distinct ad-

vantages, hybrid approaches have been developed to combine the positive aspects of both.

These methods typically use machine learning to initialise pose hypothesis or directly inte-

grate the prediction into the objective function for optimisation procedure of the generative

model (C. Qian et al., 2014; Sridhar et al., 2015; Taylor et al., 2016; Taylor et al., 2017;

Mueller et al., 2019; Han et al., 2020; Jiayi Wang et al., 2020; Han et al., 2022).
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2.1.2 Hand pose and shape estimation

Keypoint regression. With the success of deep neural networks in various computer vision

tasks and hand pose datasets (Tang et al., 2014; Tompson et al., 2014; X. Sun et al., 2015;

Yuan et al., 2017), many works predict 3D positions of sparse hand keypoints from depth

images (Ge et al., 2018; Ge et al., 2017; Yuan et al., 2018; Wan et al., 2018). As monocular

RGB cameras find wider applications, many recent works estimate 3D hand pose from RGB

images. Zimmermann et al. (2017) is a pioneering work that estimates 3D hand pose by lifting

detected hand keypoints in 2D. Cai et al. (2018) propose an end-to-end trainable method

that leverages depth images during training as weak supervisions. Mueller et al. (2018)

leverage CycleGANs (J.-Y. Zhu et al., 2017) to enhance synthetic hand image datasets by

preseving hand poses during image-to-image translation. Iqbal et al. (2018) propose a CNN-

based architecture that first predicts latent 2.5D heatmaps before regressing 3D hand joint

locations. Spurr et al. (2018) propose to learn an unified latent space for RGB images and

3D hand keypoints, which can be used to retrieve plausible hand poses given input image as

well as lifting 2D detections to 3D.

Parametric reconstructions. The introduction of the MANO hand model (Romero et al.,

2017) has been influential for hand pose estimation research. This is because most earlier

methods do not have access to suitable datasets that contain dense 3D ground truths. MANO

offers an alternative path as it can be integrated as a differential operation in an end-to-

end trainable framework. It contains prior 3D information about the hand geometry and

the input model parameters can be directly regressed using CNNs. Hence, discriminative

approaches which regress input MANO pose and shape parameters from single images have

been a popular approach (Baek et al., 2019; Boukhayma et al., 2019; Hasson et al., 2019;

S. Liu et al., 2021).
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Non-parametric reconstructions. Concurrently, there is a line of work which directly

regress vertex location of 3D hand meshes. As 3D hand mesh in essence are graph-structured

data, graph convolution attracts much attention in hand pose estimation which can be

divided into spectral- and spatial-based methods. For spectral-based methods, Ge et al.

(2019) and Moon et al. (2020b) adopt the Chebyshev graph convolution (Defferrard et al.,

2016) to generate 3D hand mesh at pre-defined topology. On the other hand, Kulon et al.

(2020) and Xingyu Chen et al. (2021) follow a spatial-based approach which leverages spiral

filters to upsample hand mesh from encoded image features.

Hand pose and shape estimation has been explored with various 3D representations.

Parametric hand models, with their ability to estimate mesh surfaces, offer numerous prac-

tical advantages for explicitly reasoning about interactions and contacts with objects. On

the other hand, non-parametric hand models offer more flexibility in capturing diverse hand

shapes and variations, making them better suited for handling complex and unique hand

poses and interactions. In Chapters 3 and 4, we explore both of the hand representations by

combining the generalisation strength of neural network as well as the template hand shape

prior.

2.2 Object

In this section, we first introduce representations that have been used for 3D object modelling

in Section 2.2.1. Then, we review works which estimates the rigid pose and shape of objects

from visual evidence in Section 2.2.2 and 2.2.3, respectively.
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2.2.1 Object representation

Implicit. A family of 3D shapes can be represented using implicit functions on 3D coordi-

nates. In the context of hand-object modelling, we discuss superquadrics (Barr, 1981) and

Signed Distance Function (SDF) (Malladi et al., 1995) in the following. Superquadric is a

well-studied computational primitive shape abstraction which offers a diverse range of shape

representations including cuboids, ellipsoids, cylinders, octohedra and other variations. It

was first proposed to model complex objects in computer graphics (Barr, 1981) and later

shown to abstract simple objects using a single superquadric (Solina et al., 1990). Recently,

(W. Liu et al., 2022) present a probabilistic approach to recover superquadric with im-

proved robustness to outlier and fitting accuracy. SDFs are continuous functions which are

parametrised by the 3D space coordinates and can better represent detailed object surfaces.

As they can model arbitrary object geometry with adjustable resolution, the community

has focused on SDFs and other derivations such as Occupancy Networks (Mescheder et al.,

2019).

Point clouds. A point cloud is a collection of points defined in a 3D metric space. Unlike

structured grids, point clouds lack a regular arrangement and do not explicitly encode full

3D shape. They have become a significant data format for 3D representation due to the

increased availability of acquisition devices and their applications in areas like robotics and

autonomous driving (Xiaozhi Chen et al., 2017; Newman et al., 2006). Early attempts do

not model local regions effectively with raw point cloud data and tend to project the original

point clouds into images as point cloud data is irregular and unordered (You et al., 2018). As

there exists information loss caused by the projection, PointNet (Qi et al., 2017a) is proposed

to directly process unordered point sets and its extension PointNet++ (Qi et al., 2017b) can

be viewed as the generic point cloud analysis framework. Recently, PointNext (G. Qian

et al., 2022) shows that small modifications on PointNet++ can outperform more advanced
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networks such as Point Transformer (Zhao et al., 2021).

Voxels. Computational object shape can also be described as voxels. They are 3D counter-

parts to pixels in 2D images and represent the object’s volumetric occupancy on a discrete

grid in 3D space. Each voxels are typically stored as a binary random variable and can be

conveniently reason about the object’s volumetric extent. However, the computational cost

and memory requirement both increase cubically with the function of the grid resolution.

Therefore, octree representation which adaptively subdivides voxels has been widely used to

reduce the memory consumption (Laine et al., 2010; Z. Liu et al., 2019; Riegler et al., 2017;

Tatarchenko et al., 2017).

Meshes. Representing object shapes using polygonal mesh are common in computer graph-

ics. They can be defined by a set of vertices (3D points on the object surface) and faces

(convex polygons that connect these vertices) which forms the surface of the 3D object.

Meshes are known for their compactness in capturing the shape of an object, i.e. large flat

regions can be represented using a sparse set of points. However, meshes do not explicitly

capture the volumetric extent of an object. It typically requires computing the distance to

all faces when computing the distance from a point to mesh (Möller et al., 1997).

2.2.2 Object pose estimation

Instance-level. In this problem setting, a known 3D object model is assumed to be avail-

able during training and testing for estimating the pose of the target object. They can

be briefly divided into correspondence matching methods and template matching methods.

Correspondence-based methods recover 2D-3D (Rad et al., 2017; Rad et al., 2018) or 3D-3D

correspondences (W. Chen et al., 2020a; W. Chen et al., 2020b). Subsequently, they solve

the Perspective-n-Point (PnP) and Singular Value Decomposition (SVD) problems with the
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2D-3D and 3D-3D correspondences (Kabsch, 1976), respectively. While the above methods

work well for textured objects, they typically fail for objects that have homogeneous tex-

tures with smooth appearance. Therefore, template matching methods has been proposed

to directly match a known object template to the observed image or depth map with either

hand-crafted or deep learning feature descriptors (Oberweger et al., 2018; Hinterstoisser et

al., 2011; Hinterstoisser et al., 2016; Sundermeyer et al., 2020).

Category-level. Despite impressive performance has been achieved in instance-level ob-

ject pose estimation, the reliance of known object models limits the generalisation ability

for handling everyday objects. Therefore, the task of category-level object pose estimation

has been proposed which serves as a more challenging problem setting. In this setting, the

major challenge becomes the intra-class object variation in terms of shape and appearance.

NOCS (H. Wang et al., 2019) is a pioneering work that tackles shape discrepancy by re-

covering the normalised shape of the target object and estimating the object pose via point

cloud matching. This work has spurred a series of research by extending this framework with

shape prior (D. Chen et al., 2020; Tian et al., 2020) and structural similarities (K. Chen

et al., 2021; J. Lin et al., 2022). However, they are not applicable in practice due to the

computational cost for iterative point matching. To increase the inference speed, FS-Net (W.

Chen et al., 2021) and HS-Pose (Zheng et al., 2023) adopt 3D graph convolution (Z.-H. Lin

et al., 2020) to enhance geometric sensitivity and feature extraction, respectively.

2.2.3 Object shape estimation

Since there is a vast amount of literature on object shape estimation, we focus on reviewing

learning-based approaches that focus on recovering object shape via retrieving object model

and deforming mesh templates in the following.
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3D model retrieval. With the release of large-scale Computer Assisted Design (CAD)

datasets such as ShapeNet (A. X. Chang et al., 2015) and ModelNet (Z. Wu et al., 2015), it

established a standardised benchmark for single and multi-view shape reconstruction tasks.

A common approach is to train a single CNN to extract image features and perform feature

matching against 3D model rendering. Aubry et al. (2015) use a CNN pretrained on Im-

ageNet (Russakovsky et al., 2015) as a image feature extractor and match image features

against those of 3D object models rendered under multiple viewpoints to estimate both

shape and viewpoint. Other than RGB images, several works perform 3D model retrieval

using depth images (Z. Zhu et al., 2016; J. Feng et al., 2016). Recently, Grabner et al.

(2018) demonstrate performance gain by utilising a pose prior and Tatarchenko et al. (2019)

propose a retrieval baseline for single-view shape reconstruction.

Model deformation. As object model querying has limitations to a pre-defined number of

candidates, continuous deformation of point clouds or mesh templates allows for the recovery

of an infinite diversity of object shapes. Several early works focus on learning category-

specific point cloud deformations to model intra-class variability (Kar et al., 2015; Zia et

al., 2015; Prasad et al., 2010). N. Wang et al. (2018) propose to use Graph Convolution

Networks to progressively deforming an ellipsoid. Their coarse-to-fine strategy is shown

to be effective in producing mesh model with fine details. As spherical template limits the

diversity of objects that can be modelled, Groueix et al. (2018) propose AtlasNet which learns

to transform simple templates such as 2D squares into surface using Multi Layer Perceptron

(MLP). They show that the learned parametric transformation maps everywhere locally to

a surface and can be sampled at any desired resolution. Existing single-view reconstruction

methods rely heavily on ground truth 3D label for training. However, these annotations

are typically only available at scale for synthetic datasets, whereas annotating real-world

datasets is prohibitively expensive and impossible to cover everyday objects.
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The estimation of arbitrary object shapes enables modeling interactions with unknown

items; however, recovering the shape of unseen objects still poses challenges for learning-

based approaches. In Chapter 3, we delve into hand-object reconstruction using meshes as

object representations, while in Chapter 5, our focus shifts to scenarios involving unseen

objects, where we propose the use of superquadrics to approximate their shapes.

2.3 Joint hand-object pose and shape estimation

2.3.1 Existing annotated datasets

First-person hand benchmark (FPHA). FPHA (Garcia-Hernando et al., 2018) is the

first benchmark that enables the study of egocentric hand actions with the use of 3D hand

poses. This dataset contains a video collection of egocentric dynamic hand actions interact-

ing with 3D objects captured under both RGB and depth cameras. They use marker-based

capture system to obtain hand and object poses during interaction. Specifically, as shown in

Fig. 2.3, six magnetic sensors are attached to the interacting hand and one for the manip-

ulated object. However, the white markers attached to hand are visible in most sequences

which can bias the training. This dataset provides 3D mesh for four objects.

Figure 2.3: Qualitative examples of the FPHA dataset (Garcia-Hernando et al., 2018). As
shown, white magnetic sensors attached to hand are visible in most sequences.

ObMan. To overcome the lack of training data for learning-base methods, Hasson et al.
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Figure 2.4: Qualitative examples of the ObMan dataset (Hasson et al., 2019). We show
example graspable objects from each of the categories. (Figure taken from Hasson (2021).)

(2019) create this large-scale synthetic image dataset of hands grasping objects named Ob-

Man. As illustrated in Figure 2.4, they first select object models for 8 object categories of

everyday objects from ShapeNet A. X. Chang et al. (2015), i.e. bottles, bowls, cans, jars,

knifes, cellphones, cameras and remote controls. Then, they render posed MANO hand

model (Romero et al., 2017) to grasp a given object mesh using GraspIt (Miller et al., 2004).

The resulting dataset contains in total of 2772 object meshes which are split among 154,000

RGB images.

HO-3D. Motivated by the lack of real dataset and the large domain gap between real and

synthetic datasets, Hampali et al. (2020) propose an automatic method to annotate 3D

hand-object poses which results in this HO-3D dataset. Their method considers known 3D

object model and use the parametric hand model MANO (Romero et al., 2017) to represent
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human hand. They simultaneously optimise the 6D object pose and hand pose from multi-

view RGB-D images, which provide complete view of hand-object necessary to reason all the

occlusions. The resulting dataset consists of 200K images of hand-object interaction at an

accuracy reported around 10mm.

H2O-3D. This dataset (Hampali et al., 2022) is an extension of HO-3D (Hampali et al.,

2020) with two hands. In similar fashion as in Hampali et al. (2020), the 3D poses of

hand and objects automatically with a multi-view setup. This dataset captures 6 subjects

interacting with 10 objects from the YCB dataset (Xiang et al., 2018a) which results in 61K

training and 15K testing images.

DexYCB. Inspired by the multi-camera setup (Hampali et al., 2020), Chao et al. (2021)

instrument their capture system with more cameras and a larger workspace such that it allows

human subjects to interact more freely with the target objects. This is the first dataset that

allows joint evaluation of the following tasks: 2D object and keypoint detection, 6D object

pose estimation, and 3D hand pose estimation. The resulting dataset consists of 582K images

of over 1000 sequences of 10 subjects grasping 20 different objects from 8 views.

ContactPose. To go beyond hand-object pose estimations, Samarth et al. (2020) extend

ContactDB (Brahmbhatt et al., 2019) and create this dataset (ContactPose) to model hand-

object contact. ContactDB (Brahmbhatt et al., 2019) introduce thermal cameras for captur-

ing detailed ground truth contact with 3D hand and object poses. Specifically, their method

observes heat transfer from hand to object through a thermal camera after the grasp as

it avoids the pitfalls of modelling contact without external instrument such as hands with

gloves. We present their contact capture system from ContactDB (Brahmbhatt et al., 2019)

as well as qualitative examples of ContactPose dataset (Samarth et al., 2020) in Figure 2.5.

H2O. As most existing datasets consider only single-hand scenarios, H2O (Kwon et al., 2021)
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Figure 2.5: Qualitative examples of the ContactPose dataset (Samarth et al., 2020). We show
the contact capture system from ContactDB (Brahmbhatt et al., 2019) (left) and visualise
high-resolution contact maps (object meshes textured with contact) with 3D hand joints
from ContactPose dataset (Samarth et al., 2020) (right). (Figure taken from Brahmbhatt
et al. (2019).)
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contains dynamic grasping sequences of two hands interacting with objects. The annotation

setup is based on a multi-view RGB-D system which also contains an egocentric camera.

In addition to pose annotations, the dataset also contains action labels for each sequences,

resulting the first unified dataset for egocentric hand-object interaction recognition with 3D

annotations of two hands and the manipulated objects.

OakInk. In order to overcome the limitations of existing real datasets, which only capture a

small number of objects and lack comprehensive awareness of the affordance of objects, this

dataset (L. Yang et al., 2022) is introduced to enhance visual and cognitive understanding

of hand-object interactions. Specifically, this dataset is constructed with two interrelated

knowledge bases, i.e. Object Affordance Knowledge base (Oak) and Interaction Knowledge

base (Ink). The Oak base provides comprehensive descriptions of the affordances of objects

within a knowledge and the Ink base captures dynamic hand interactions with objects accord-

ing to its affordances. To transfer recorded affordances to another object, they also propose

a learning-fitting hybrid strategy which extends the total number of distinct hand-object

interactions to 50K. We provide qualitative examples of the object affordance knowledge

graph and transferred affordances to other objects in Figure 2.6. One limitation of this

dataset is that it does not record dynamic hand interactions for the extended objects as well

as articulated objects that contain moveable parts.

ARCTIC. ARticulated objeCTs in InteraCtion (ARCTIC) (Z. Fan et al., 2023) is a recent

dataset capturing 2.1M RGB images of 10 subjects interacting with 11 different articulated

objects. In addition to 3D annotations of hand and objects, they retrieve full-body 3D pose

estimates in SMPL-X (Pavlakos et al., 2019) as they provide more reliable global rotations

and translations for each hand. This dataset enables two novel tasks of consistent motion

reconstruction and interaction field estimation to study dexterous bimanual manipulation

motions of hands interacting with articulated objects. As illustrated in Figure 2.7, ARCTIC
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Figure 2.6: Qualitative examples of the OakInk dataset (L. Yang et al., 2022). We show
an example of the object affordance knowledge graph in left and illustrations of transferred
interactions in right. (Figure taken from L. Yang et al. (2022).)

contains videos from both third-person and first-person views with accurate ground truth

annotations for 3D hand and object meshes.

2.3.2 Reconstruction with known object models

As discussed in Section 1.3, hands and objects inherently undergo significant mutual occlu-

sions which makes joint 3D reconstruction extremely ill-posed during interactions. Therefore,

most of the existing works (Garcia-Hernando et al., 2018; Tekin et al., 2019; Doosti et al.,

2020; Karunratanakul et al., 2020; Hasson et al., 2020; S. Liu et al., 2021; Cao et al.,

2021; L. Yang et al., 2021) reduce this problem to 6D pose estimation by assuming access

to instance-specific object templates at inference time. Recently, there is a shift in focus

from CNN-based architecture to Transformers (Vaswani et al., 2017). Hampali et al. (2022)

propose an efficient Transformer-based network architecture that estimates the two hands

and an object pose during various interaction scenarios such as hand-hand and hand-object

interactions. Their proposed architecture address the shortcomings in heat-map-based pose

estimation methods where they typically suffer from ambiguities localising 2D joint locations.

They demonstrate that their Transformer-based architecture can explicitly disambiguate the

identity of the keypoints and perform well even on complex configurations.
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Figure 2.7: Qualitative examples of the ARCTIC dataset (Z. Fan et al., 2023). We show
randomly sampled hand-object interaction examples with overlaying ground truths in the
RGB images. (Figure taken from Z. Fan et al. (2023).)

2.3.3 Template-free reconstruction

While all the methods presented in Section 2.3.2 assume known object model, several re-

cent approaches simultaneously estimate the shape of both hand and manipulated object

from input RGB image. Hasson et al. (2019) differ from previous hand-object reconstruc-

tion methods by proposing an end-to-end trainable framework that takes advantages of both

differentiable hand model and physical constraints on penetration and contact. Specifically,

by following methods which integrate the Skinned Multi-Person Linear (SMPL) parametric

body model (Loper et al., 2015) as a neural network layer (Kanazawa et al., 2018; Pavlakos

et al., 2018), they also integrate the MANO hand model (Romero et al., 2017). However,

the resulting meshes have limited resolution which prevents detailed modelling of contacts

between hands and objects. To address this limitation and generate more detailed surfaces,

several works (Karunratanakul et al., 2020; Z. Chen et al., 2022; Z. Chen et al., 2023) pro-

pose to use SDFs to reconstruct hand and object meshes. In particular, gSDF (Z. Chen et

al., 2023) is an extension to AlignSDF (Z. Chen et al., 2022) which embeds strong geomet-

ric priors to SDFs by aligning the SDF shape with its underlying kinematic chains of pose
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transformations. They show that by doing this can reduce ambiguities in 3D reconstruction.

Recently, Y. Ye et al. (2023) propose a diffusion-guided reconstruction framework to tackle

the task of hand-object reconstruction from short video clips. Their approach casts 3D infer-

ence as a per-clip optimisation and recovers a neural 3D representation of the shape of hand

and object. Their key insight is to incorporate data-driven priors to guide the optimisation

procedure, in which they propose to a 2D diffusion network to model the distribution over

plausible geometric object renderings conditioned on estimated hand pose.

At this point, we have reviewed the literature on hands and object modelling in

interaction scenarios. As discussed, most existing methods rely on known object models and

constrained capture setups. In Chapter 3, we specifically address the challenging problem

of scenarios where only color RGB images are available and operate within a template-

free reconstruction setting. Specifically, we introduce a collaborative learning framework to

address the mutual occlusion issue when reconstructing dense 3D representations of hands

and manipulated objects from a single RGB frame.

2.4 Hand-object interactions

2.4.1 Existing annotated datasets

First-person hand benchmark (FPHA). In addition to hand-object pose annotations

mentioned in Section 2.3.1, this dataset (Garcia-Hernando et al., 2018) also provides action

classification for the sequences. Specifically, this dataset contains more than 100K frames of

45 daily hand action categories by 6 subjects interacting with 26 different objects.

H2O. While many datasets for third-person action recognition have been proposed (Gu
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et al., 2018; Carreira et al., 2017; Sigurdsson et al., 2016), there is increasing interest in

understanding egocentric videos (Damen et al., 2018; Goyal et al., 2017; Sigurdsson et al.,

2018). However, they mostly involve 2D features which is insufficient for comprehensive

understanding of the scene. Therefore, Kwon et al. (2021) create this dataset for egocentric

hand-object interaction dataset with markerless 3D annotations of hand-object poses. The

resulting dataset captures 571K frames involving dynamic interactions of two hands with

objects, split into 36 action classes. Specifically, action labels can be represented as verb-

noun pairs where there are in total of 11 verb classes and 8 noun classes.

Something-something. With the goal of enabling neural networks to develop features

required for making decision that involves certain aspects of common sense information,

the Something-Something dataset (Goyal et al., 2017) is created for video prediction tasks

which require common sense understanding. This large-scale dataset contains more than

100K videos across 174 classes.

EPIC-KITCHENS. This dataset (Damen et al., 2018) is a large-scale egocentric dataset

featuring diverse everyday tasks. In particular, the video data shows the natural multi-

tasking of daily kitchen activities which has not been captured in other existing dataset

before. The resulting dataset features 55 hours of video which are densely annotated for a

total of 39.6K action segments and 454.3K object bounding boxes.

2.4.2 Recognising hand-object interactions

Action recognition is one of the most actively researched areas in computer vision (Jhuang

et al., 2013; Carreira et al., 2017; Varol et al., 2017; Kantorov et al., 2014). In recent years,

significant progress has been made with the availability of large-scale datasets (Sigurdsson

et al., 2016; Kay et al., 2017; Karpathy et al., 2014; Grauman et al., 2022). In this sub-
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section, we focus on methods that simultaneously estimating 3D poses of hand-object and

interactions from egocentric videos. As mentioned above, FPHA (Garcia-Hernando et al.,

2018) presents the first egocentric dataset and shows that 3D hand poses are beneficial for

recognising actions. As the dataset contains visible magnetic sensors and does not include

two-hand poses, a markerless dataset named H2O is developed to provide rich 3D anno-

tations for egocentric 3D interaction recognition Kwon et al. (2021). This enables recent

research to develop unified models for understanding hand-object interactions. Tekin et al.

(2019) extend the YOLO framework (Redmon et al., 2016) to predict 3D poses for hand

and object in a single forward pass. Then, the predictions with high confidence values are

passed to a Recurrent Neural Network (RNN) to model temporal interactions between hands

and objects. As 3D hand pose and gesture recognition are highly correlated tasks, S. Yang

et al. (2020) propose a collaborative learning network which splits the two tasks into sepa-

rate network branches and shares joint-aware features across both branches. They show that

performances for both tasks benefit from increasing iterations, demonstrating the effective-

ness of their collaborative learning framework. Recently, there are two Transformer-based

architecture (Vaswani et al., 2017), i.e. HTT (Wen et al., 2023) and H2OTR (H. Cho et al.,

2023). HTT (Wen et al., 2023) propose a hierarchical temporal Transformer with two cas-

caded blocks designed to leverage different time spans for 3D hand-object pose estimation

and action recognition. In contrast, H2OTR (H. Cho et al., 2023) exploits contact map for

robust interaction recognition.

With the availability of egocentric 3D hand-object interaction datasets, there is in-

creasing interest in developing unified models for hand-object pose estimation and action

recognition. However, existing methods still struggle to recognise seen actions on unseen ob-

jects due to the limitations in representing object shape and movement using 3D bounding

boxes. Additionally, the reliance on object templates at inference time limits their generalis-

ability to unseen objects. In Chapter 5, we explore superquadrics as an alternative 3D object
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representation to bounding box and demonstrate their effectiveness on both template-free

object reconstruction and action recognition tasks. Furthermore, we study the composition-

ality of actions by considering a more challenging task where the training combinations of

verbs and nouns do not overlap with the testing split.
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Chapter Three

LEARNING JOINT HAND-OBJECT

RECONSTRUCTION FROM A

SINGLE RGB IMAGE

This chapter presents work published at the 2022 Conference on Computer Vision and

Pattern Recognition (CVPR) in New Orleans, USA (Tse et al., 2022a).

In Section 1.3, we underlined several outstanding challenges that arise during 3D pose

and shape estimation of hand-object. Our goal in this chapter is to develop method which

can estimate the dense 3D geometry of hands and objects from RGB images with learning-

based approach. We are interested in approaches that benefit from the success of neural

network and focus on a single colour image as input and predict the shape of the unknown

object and the associated hand. In this chapter, we present a collaborative learning strategy

where two-branches of deep networks are learning from each other. Our algorithm is agnostic

to object models and it learns the physical rules governing hand-object interaction.

Joint hand and object pose and shape estimation is a challenging problem. Firstly,

self-occlusion in hand is a well-known issue, as highlighted in previous studies (Q. Ye et
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al., 2018; Rangesh et al., 2016). However, when hands interact with objects, the level

of occlusion between hands and objects becomes even more significant from almost any

viewpoints (Nakamura et al., 2017). Secondly, in the case of first-person-view scenarios

(e.g., the FPHA dataset (Garcia-Hernando et al., 2018)), there is often a considerable amount

of erratic camera motion, which further complicates the estimation process. While recent

works (Tekin et al., 2019; Doosti et al., 2020; S. Liu et al., 2021) have made progress

in addressing some of the primary challenges in joint hand-object pose estimation using

color input, they still face limitations in the absence of physical constraints and sparse

keypoint detection. These limitations frequently result in erroneous pose estimation or mesh

reconstructions, such as hands penetrating objects.

To fundamentally understand hand-object interactions, it is essential to fully recover

dense 3D information, and accordingly, there has been significant improvement towards hand

mesh estimations from single RGB image (Ge et al., 2019; Baek et al., 2019; Boukhayma

et al., 2019; Zimmermann et al., 2019; Kulon et al., 2020; Y. Zhou et al., 2020; Baek et al.,

2020; Choi et al., 2020; Moon et al., 2020b). To enable physically plausible reconstructions,

Hasson et al., 2019 propose both attraction and repulsion loss terms during model training.

Along with optimisation-based approaches (Cao et al., 2021; Hasson et al., 2021), they are

limited to scenarios where hand and object are already in contact due to the contact loss

terms. However, we argue that the ability to reason pre-grasp stages are equally important

as it allows agents to infer human intents (Meltzoff, 1995) and learn manipulation skills from

humans (Mandikal et al., 2020). Therefore, we are interested in learning a strategy that is

not restricted by these contact terms and is able to learn the context of actual as well as

near physical contact.

In this chapter, we present a novel collaborative learning framework which allows hand

and object branches to boost each other in a progressive and iterative fashion. There are two

motivations for this design: 1) estimating the pose and shape of interacting hands and objects
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is a highly-correlated task and 2) mutual occlusions can be tackled by simultaneously sharing

3D geometric information. This is supported by the fact that the image encoder struggles to

extract useful features under mutual occlusion. Therefore, capturing object mesh information

would compensate this limitation for hand reconstruction (same for object branch). In

previous approaches within this context, information sharing across branches was achieved

through simple branch stacking (S. Yang et al., 2020), which introduced a communication

bottleneck. However, our empirical observations revealed that this approach had limitations

in terms of performance gain across network inference iterations. We explicitly address this

by a new unsupervised associative loss facilitating the information transfer. Further, to

address frequently occurring occlusions in hand-object interaction scenarios, we introduce

an attention-guided graph convolution that demonstrates the ability to improve mesh quality

as well as correct hand and object poses.

The specific contributions of this chapter are threefold. We first introduce an end-

to-end trainable collaborative learning strategy for hand-object reconstruction from a single

RGB image. We then design an attention-guided graph convolution to capture mesh in-

formation dynamically. We also introduce an unsupervised training strategy for effective

feature transfer between hand-object branches. Lastly, we demonstrate that our approach

achieves highly physically plausible results without contact terms.

In this chapter, we focus on reconstructing dense meshes of hand and manipulated ob-

jects. We first provide preliminaries on hand-object reconstruction and collaborative learning

methods in Section 3.1. We then present our novel collaborative learning framework in Sec-

tion 3.2. Lastly, we present experimental results which validate our approach in Section 3.3

and conclude the chapter in Section 3.4.
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3.1 Preliminary

The work in this chapter tackles the problem of hand and object reconstruction from a

single RGB images. In the following, we first introduce the line of work that leverages

Graph Convolutional Neural Networks on hand reconstruction tasks in Section 3.1.1. Then,

we provide a brief review on Collaborative Learning in Section 3.1.2.

3.1.1 Graph convolution-based methods

As both skeleton and mesh can be represented in form of a graph, graph convolution naturally

attracts much attention in the field of hand pose estimation. We can split graph convolution-

based methods into spectral- (Bruna et al., 2014; Defferrard et al., 2016; Kipf et al., 2017)

and spatial-based methods (Gilmer et al., 2017; K. Xu et al., 2018; Monti et al., 2017). For

methods that use spectral-based graph convolution, Ge et al. (2019) and Choi et al. (2020)

adopt the Chebyshev spectral graph convolution (Defferrard et al., 2016) to produce 3D hand

mesh. For spatial-based graph convolution, both Cai et al. (2019) and Doosti et al. (2020)

leverage GCN (Kipf et al., 2017) to exploit the spatial and temporal consistencies for hand

and object pose estimation. Kulon et al. (2020) exploit spiral filters to recover hand mesh

directly from autoencoder. They demonstrate that spatial mesh convolutions outperform

spectral methods and SMPL-based models (Loper et al., 2015; Romero et al., 2017) for hand

reconstruction. In contrast, our attention-guided graph convolution is able to take dynamic

graph as input and it does not assume a fixed neighbourhood for feature aggregation.
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3.1.2 Collaborative learning

There has been a rich history concerning learning multiple tasks simultaneously. We can

briefly divided into multi-task learning (Baxter, 1997; Baxter, 2000; Caruana, 1993), domain

adaptation (Mansour et al., 2009; Mansour et al., 2008), distributed learning (Balcan et al.,

2012; Dekel et al., 2011; Jialei Wang et al., 2016) and collaborative learning (Blum et

al., 2017; Z. Jiang et al., 2017; G. Song et al., 2018; Nguyen et al., 2018). Collaborative

learning studies to make learning more efficient through sharing of information. Blum et

al. (2017) proposes a collaborative probably approximately correct (PAC) learning model

which was built upon (Valiant, 1984) and Nguyen et al. (2018) and J. Chen et al. (2018)

are the follow-up works. G. Song et al. (2018) introduces one form of collaborative learning

framework in which multiple classifier heads of the same network are simultaneously trained

on the same training data to improve generalisation and robustness without extra inference

cost. There are two major mechanisms under his framework: 1) Same training datasets

for multiple views from different classifiers improves generalisation and 2) Intermediate-

level representation sharing. S. Yang et al. (2020) exploits joint-aware features for gesture

recognition and 3D hand pose estimation. Their mechanism focuses on intermediate-level

representation sharing iteratively across multiple tasks. In this work, we improve on S. Yang

et al. (2020) with an attention-guided graph convolution and an unsupervised associative loss

to guide the intermediate-level representation sharing process. Also, our graph convolution

is based on a multi-head attention mechanism which possesses the spirit of G. Song et al.

(2018) to improve generalisation with multiple views on the same dataset.
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3.2 Methodology

Our goal is to develop a model which can jointly estimate the shape of hand and the manip-

ulated object from a single colour image. As illustrated in Figure 3.1, our training pipeline

takes an input RGB image x ∈ R256×256 and involves 4 steps for one iteration. Each branch

has a ResNet-18 (He et al., 2016) encoder pre-trained on ImageNet (Russakovsky et al.,

2015), i.e. ENChand(x) and ENCobj(x).

The primary motivation behind our approach is to exploit the implicit hand-object

relationship between hands and objects. We aim to address the challenge of mutual occlu-

sion in hand-object interactions by simultaneously sharing 3D reconstructions within our

collaborative learning framework. However, directly connecting network branches in a naïve

manner often resulted in error accumulation and rendered the training process highly un-

stable. To address this, we design an attention-guided graph convolution to capture 3D

reconstructions dynamically and introduce an unsupervised associative loss to improve the

feature transfer process from hand to object, and vice versa. Our networks are trained in an

end-to-end manner and Alg. 1 summarises the training process.

Algorithm 1 Collaborative learning algorithm
Require: x : input image, P : network iteration
1: function Optimise(LTotal)
2: rhand ← ENChand(x) ▷ Extract hand features
3: mhand ←gHME (rhand) ▷ Get hand mesh
4: for t = 1 to P do
5: ϕhand ← gconvhand(mhand) ▷ Hand Graph Conv.
6: robj ← ENCobj(x) + ϕhand ▷ Feature update
7: mobj ←gOME (robj) ▷ Get object mesh
8: ϕobj ← gconvobj (mobj) ▷ Object Graph Conv.
9: rhand

′ ← rhand + ϕobj ▷ Feature update
10: mhand ←gHME (rhand

′)
11: end for
12: end function
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3.2.1 Hand mesh estimator

In Section 2.1.1, we introduced the parametric hand model MANO (Romero et al., 2017)

which has the advantages of capturing the pose and shape variations in a low-dimensional

parameters. Therefore, regressing these low-dimensional parameters in a learning-based

framework has the potential to output statistically plausible hand reconstruction. By follow-

ing (Hasson et al., 2019), we adopt the differential MANO model which maps pose (θ ∈ R51)

and shape (β ∈ R10) parameters to a mesh with N = 778 vertices. Pose parameters (θ)

consists of 45 DoF (i.e. 3 DoF for each of the 15 finger joints) plus 6 DoF for rotation and

translation of the wrist joint. Shape parameters (β) are fixed for a given person. A kinematic

tree is formed with the 15 joints and the wrist joint as the first parent node. Joint locations

can be obtained using the kinematic tree with global rotation based on θ. In the following,

we describe our hand mesh estimator gHME .

Given the 512-dimensional hand feature vector rhand from ENChand(x), we use a

fully connected layer to regress θ and β. The original MANO model uses 6-dimensional

Principal Component Analysis (PCA) subspace of θ for computational efficiency. However,

we empirically observed that full 45-dimensional pose space better captures a variety of hand

poses especially over sequential datasets.

We define hand mesh as mhand = (vhand, fhand), where vhand ∈ R778×3 refers to a set of

vertices in the mesh and fhand ∈ R1538×3 refers to a close set of edges (i.e. a triangle face has

3 edges). We keep the mesh faces consistent to the original MANO model (Romero et al.,

2017).

Hand reconstruction loss Lhand. We directly optimise root-relative 3D positions by
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Figure 3.1: A schematic illustration of our framework. It takes an input image x, which
goes through two separate encoders, ENChand(x) and ENCobj(x) to produce hand and object
features, rhand and robj, respectively. Hand mesh estimator gHME takes rhand and output hand
mesh mhand which is then pass to graph convolution module gconvhand and output ϕhand. Object
mesh estimator takes both robj and ϕhand to output object mesh mobj. Similarly, graph
convolution module gconvobj takes object mesh mobj and output ϕobj which is then combine
with hand features rhand and goes into the hand mesh estimator gHME . We also introduce
an unsupervised associative loss to supervise the feature transfer process under network
iterations, i.e. ϕhand and ϕobj. We include a qualitative example on the bottom right corner
which demonstrates the effect of our attention-guided graph convolution for iteration t.

minimising their L2 distance to the corresponding ground-truth vertex positions v∗
hand:

LV (vhand) = ∥vhand − v∗
hand∥

2
2 . (3.1)

When ground truth vertex positions are not available, we supervise on 3D joint loca-

tions J ∈ Rn×3 where n refers to the number of joints. The 3D joint loss is defined as:

LJ(J) = ∥J− J∗∥22 , (3.2)

where J∗ refers to ground truth joint positions. The resulting loss is defined as: Lhand =

LV +LJ . We do not adopt shape regularisation as in Hasson et al. (2019) as we empirically

observed that our iterative process already prevents extreme mesh deformation.
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3.2.2 Object mesh estimator

In this section, we introduce our object mesh estimator gOME which is adopted from Hasson

et al. (2019). Given the 512-dimensional object feature vector robj from ENCobj(x), we use

AtlasNet (Groueix et al., 2018) to estimate object mesh mobj = (vobj, fobj), i.e. vobj ∈ R642×3

refers to object vertices and fobj ∈ R1280×3 refers to object mesh faces.

Object reconstruction loss Lobj. As object mesh is reconstructed in the camera coordinate

frame, it can be directly optimised by minimising the Chamfer distance. The resulting loss

is defined as:

Lobj(vobj) =
1

2

( ∑
x∈vobj

dv∗
obj
(x) +

∑
y∈v∗

obj

dvobj
(y)
)
, (3.3)

where v∗
obj refers to the points uniformly sampled on the surface of the ground truth object,

dv∗
obj
(x) = miny∈v∗

obj
∥x− y∥22, and dvobj

(y) = minx∈vobj
∥x− y∥22.

3.2.3 Attention-guided graph convolution

In the following, we first introduce the preliminary of message passing scheme (Gilmer et

al., 2017) in graph convolution. We then provide details of our attention-guided graph

convolution gconv.

Preliminary. We follow the message passing scheme in graph convolution to capture mesh

information and transfer to the opposite branch. By denoting vertex feature v
(k)
i ∈ RF of

vertex i in layer k, the first step of such message passing scheme can be described as:

msgk
i = AGGREGATE(k)

({
v(k−1)
u , u ∈ N (i)

})
, (3.4)
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where message msgk
i is formed by aggregating neighbourhood N (i) around vertex i from

previous layer (k − 1). The second step updates vertex feature with this new message:

vk
i = UPDATE(k)

(
v
(k−1)
i ,msgk

i

)
. (3.5)

The choice for neighbourhoodN (i), aggregating function AGGREGATE(k) and update func-

tion UPDATE(k) are crucial. While there has been a variety of functions proposed in the

literature (Defferrard et al., 2016; Kipf et al., 2017; Gilmer et al., 2017; K. Xu et al., 2018),

we leverage attention mechanism to construct aggregating neighbourhood and a history term

for updating node features.

Objective. By defining P to be the number of iterations per forward pass, the input is a

sequence of meshes (m1
θ,m

2
θ, ...) where mt

θ = (vt
θ, f

t
θ) for t ∈ [1, . . . , P ] is defined by vertices

vt
θ and faces f tθ for either branch θ ∈ {hand, obj}. The objective is to estimate feature offset

∆t
hand from the hand branch for object reconstruction, and vice versa:

rt+1
obj = rtobj +∆t

hand. (3.6)

Attention-guided graph convolution. As the above sequential task involves dynamically

evolving graphs, static graph convolution would not be suitable because the weights are

only being updated after P iterations. Therefore, a solution should maintain the history of

operations.

By assuming input mesh vertices vθ is an un-ordered set, we propose to dynamically

construct neighbourhoods N (i) using attention mechanism (Bahdanau et al., 2015; Gehring

et al., 2017). Attention coefficient αij ∈ [0, 1] is defined as the importance of vertex j’s

features to vertex i (Veličković et al., 2018). Node j is included in the neighbourhood N (i)

of i when αij is larger than a threshold, i.e. 0.5. Finally, our graph convolution layer at
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iteration t can be defined by rewriting Eqs. (3.4–3.5) as:

αt
ij =

exp
(
LeakyReLU(a⊤[Wvt

i∥Wvt
j])
)

∑
k∈vt exp

(
LeakyReLU(a⊤[Wvt

i∥Wvt
k])
) (3.7)

where attention coefficient αt
ij is computed using incoming vertices vt = {vt

1, ...,v
t
N} with

N being the maximum mesh vertices and learnable weights a ∈ R2F and W ∈ RF×3. Note

that F is a hyperparameter and ∥ is concatenation operation. We then update history ht
i of

vertex i:

ht+1
i = LayerNorm

(
1

K

K∑
k=1

∑
j∈N t(i)

αt,k
ij v

t
j + ht

i

)
, (3.8)

where N t(i) is the aggregating neighbourhood around vertex i at t, history ht = {ht
1, ...,h

t
N}

and it is initialised as 0. Similar to Veličković et al. (2018) and Vaswani et al. (2017), we find

multi-head attention αk
ij to be beneficial and apply layer normalisation (Ba et al., 2016) to

stabilise and enable faster training. We use residual connection (He et al., 2016) to track the

history sequence and prevent performance drop on increasing iterations. In the final step,

we use a fully connected layer to resize to the same size as image features rθ(x), namely ϕθ.

Discussions. Our graph convolution is reminiscent to GAT (Veličković et al., 2018) and

any k-nearest neighbours (k-NN) based dynamic graph convolutions such as EdgeConv (Y.

Wang et al., 2019). However, our approach differentiates from those because firstly, we do

not assume static graph inputs. Secondly, we differentiate from GAT (Veličković et al., 2018)

by how we leverage attention mechanism - they aggregate on fixed and local neighbourhood

whereas we take this further by dynamically constructing global neighbourhood using atten-

tion mechanism. In addition, as the incoming mesh are 3D positions, k-NN like approaches

suffer from local neighbourhood aggregation and high k-NN computational cost at each it-

erations. In contrast, our method is able to capture long-range dependencies from dynamic
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graph in a single layer.

3.2.4 Associative supervision

Due to mutual occlusion in hand-object scenarios (Nakamura et al., 2017), it is challenging

for the image encoder to capture useful information for mesh reconstruction. Instead, here

we rely on the fact that hand pose changes with respect to different objects. For example,

we hold cups differently depending on whether it has handle or not. We hypothesise that

object branch benefits from hand mesh information (and vice versa for hand branch) and

assume that good feature transfer in collaborative learning occurs when these features are

highly similar within the same object class and distinctive across all other object classes.

However, in practice, such object class information is not available. Hence, we introduce an

unsupervised loss to facilitate effective feature transfer.

Objective. Given ϕθ = {ϕ1
θ, ..., ϕ

B
θ } with B being the input batch size, we update the image

features by simple addition. In the following, we describe an unsupervised loss for ϕθ.

Associative loss Lasso. Our approach is inspired by Haeusser et al. (2017) which was

originally designed for semi-supervised learning. We imagine a walker going along Φi =

[ϕi
hand;ϕ

i
obj] where i ∈ {1, . . . , B}. As each Φi comes in pair with the same object class,

we define a correct walk if transition is under the same object class. We define similarity

between two embeddings as:

Mij = Φ⊤
i Φj, 1 ≤ i, j ≤ B. (3.9)
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A single transition based on embeddings similarity is defined as:

Pij = P (Φj|Φi) =
exp(Mij)∑
j′ exp(Mij′)

. (3.10)

The round trip probability (Markov Chain) of walking from i to j can then be defined as:

P round
ij =

∑
k∈{1,...,B}

PikPkj. (3.11)

We further extend this into an unsupervised loss by encouraging the walker to walk back

to its starting batch index i. This can be achieved by leveraging the fact that batch index

implicitly refers to an object class Cobj ∈ {1, . . . , O} and O ≪ B. An unsupervised loss Lasso

can be obtained as:

Lasso(ϕθ) =
∥∥U − P round

∥∥2
F
, (3.12)

where ∥ ·∥F is the Frobenius norm and U is a diagonal matrix of 1
O

values: The i-th diagonal

entry Uii represents that the walker starts at and returns to state i. U can be adjusted if

dataset is class-imbalanced.

3.2.5 Training

Our final loss Lfinal is defined as:

Lfinal = Lhand + Lobj + Lasso. (3.13)

41



LEARNING JOINT HAND-OBJECT RECONSTRUCTION FROM A SINGLE RGB
IMAGE

3.3 Experiment

3.3.1 Implementation details

We train all parts of the network simultaneously with Adam optimiser (Kingma et al., 2015)

at a learning rate 10−4 for 400 epochs. We then freeze the ResNet (He et al., 2016) encoders

and decrease the learning rate to 10−5 for another 100 epochs. We empirically fixed K = 3

attention heads and P = 2 iterations to produce the best results.

3.3.2 Datasets

First-person hand benchmark (FPHA). As discussed in Section 2.3, this is a widely-

used dataset (Garcia-Hernando et al., 2018) which contains egocentric RGB-D videos on

a wide range of hand-object interactions. There are 4 available objects, i.e. juice bottle,

liquid soap, milk and salt. For fair comparisons with Tekin et al. (2019) and Hasson et al.

(2020), we follow the same action split for evaluation where each object is present in both

training and testing. We also conduct a comparison with Hasson et al. (2019), following

their experimental settings, which involve the subject split of the dataset. Their approach

includes filtering frames in which the hand is more than 1cm away from the manipulated

object and excludes the milk object. We call this subset FPHA− which contains a total of 3

objects.

ObMan. Similarly, as introduced in Section 2.3, this is a synthetic dataset (Hasson et al.,

2019) which was produced by rendering hand meshes with selected objects from ShapeNet (A. X.

Chang et al., 2015). It captures 8 object categories and results in a total of 2,772 meshes

which are split among 154,000 image frames. We pretrained the network on ObMan before
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training on other real datasets as we observed in our preliminary experiments that their

setting led to consistent improvements over training directly on real data.

DexYCB. This is a recent real dataset for capturing hand grasping of objects (Chao et

al., 2021) which consists a total of 582,000 image frames on 20 objects from YCB-Video

dataset (Xiang et al., 2018b). We present results on all 4 official dataset split settings.

HO-3D. This dataset (Hampali et al., 2020) is most similar to DexYCB where it consists of

78,000 images frames on 10 objects. We present results on the official dataset split (version

2). The hand mesh error is reported after procrustes alignment and in mm.

3.3.3 Evaluation metrics

Hand error. We report the mean end-point error (mm) (Hasson et al., 2019) over 21

joints and use the percentage of correct keypoints (PCK) score to evaluate at different error

thresholds.

Object error. We measure the accuracy of object reconstruction by computing the Chamfer

distance (mm) (Hasson et al., 2019) between points sampled on ground truth and predicted

mesh.

Hand-object interaction. To understand hand-object interaction, we followed Hasson

et al. (2019) to include penetration depth (mm) and intersection volume (cm3). Penetration

depth refers to the maximum distances from hand mesh vertices to the object’s surface when

in a collision. Intersection volume is obtained by voxelising the hand and object using a

voxel size of 0.5cm.
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3.3.4 Results

Joint hand-object reconstruction. As discussed in Section 2.3.2 that most recent ef-

forts on joint hand-object reconstructions assume known object models, we compare with

ObMan (Hasson et al., 2019) in Table 3.1. Similar to FPHA, we used the default DexYCB

split and filtered frames when hand and manipulated object are 1cm apart. We name this

subset to be DexYCB− and retrain ObMan using their released code. As shown in Table 3.1,

there is still a presence of interpenetration at test time and even increases the hand error by

0.7mm on FPHA− with contact loss in ObMan. This is mainly due to the fact that their

model is not implicitly learning the physical rules imposed by the contact loss. In contrast,

our method consistently outperforms ObMan with a higher hand-object reconstruction ac-

curacy. In addition, we provide qualitative comparisons on FHB and CORe50 (Lomonaco

et al., 2017) datasets in Figure 3.2.

Table 3.1: Quantitative comparison with ObMan on ObMan (Hasson et al., 2019),
FPHA− (Garcia-Hernando et al., 2018) and DexYCB− (Chao et al., 2021) datasets. ∗ refers
to the results with contact loss. Our collaborative learning strategy performs competitively
without physical contact loss.

Datasets ObMan FPHA− DexYCB−

Method ObMan ObMan* Ours ObMan ObMan* Ours ObMan* Ours
Hand error (mm)↓ 11.6 11.6 9.1 28.1 28.8 25.3 17.6 15.3
Object error (mm)↓ 641.5 637.9 385.7 1579.2 1565.0 1445.0 549.4 501.2
Max. penetration (mm)↓ 9.5 9.2 7.4 18.7 12.1 16.1 14.6 12.1
Intersection vol. (cm3)↓ 12.3 12.2 9.3 26.9 16.1 14.7 14.9 13.4

Hand pose estimation. We first compare with state-of-the-art methods on HO-3D (Ham-

pali et al., 2020) in Table 3.2. As shown, our method performs competitively against methods

that assumes known object models. Then, we benchmark on FPHA (both action split and

subject split) and report results in Tables 3.3 and 3.4. As shown in Table 3.3, we demonstrate

superior performances among all three architecturally similar networks (Hasson et al., 2019;
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Figure 3.2: Qualitative comparison with ObMan (Hasson et al., 2019). Top two rows refers
to models trained with FPHA. Bottom two rows refers to in-the-wild settings where models
are only trained with synthetic dataset ObMan. Our method is able to refine and sharpen
object mesh under the collaborative learning framework (see blue arrows) and generalise
better hand pose in both settings.

Hasson et al., 2020). We attribute the performance gain in action split to the fact that

FPHA− contains almost half of FPHA with incomplete object list and unseen test subjects

during test time. We analyse our hand pose estimation performance using the PCK metric

in Table 3.4. Note that S. Yang et al. (2020) takes sequential images as input and leverages

action recognition task in their collaborative framework. We achieve state-of-the-art perfor-

mance to in hand pose estimation with the advantage of object reconstruction. We also plot

3D PCK curves in Figure 3.3. Finally, we compare with a supervised version of Spurr et al.
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Table 3.2: Error rates of different hand pose estimation methods on HO-3D (Hampali et al.,
2020). Note that the reported results for S. Liu et al. (2021) output hand meshes only. We
outperform two other architecturally similar networks (Hasson et al., 2019; Hasson et al.,
2020) without known object models under our collaborative learning framework.

Mesh F-score F-score Known
Method error ↓ @5mm ↑ @15mm ↑ objects

Hasson et al. (2019) 11.0 46.0 93.0 ✗

Hampali et al. (2020) 10.6 50.6 94.2 ✓

S. Liu et al. (2021) 9.5 52.6 95.5 ✓

Hasson et al. (2020) 11.4 42.5 93.4 ✓

Ours 10.9 48.5 94.3 ✗

(2020) which won the HANDS 2019 Challenge (Armagan et al., 2020) on DexYCB (Chao

et al., 2021) and report the results in Table 3.5.

Table 3.3: Error rates of different algorithms. FPHA refers to action split and FPHA− refers
to subject split of the dataset.

FPHA FPHA−

Method Hand Error Hand Error

Tekin et al. (2019) 15.8 -
Hasson et al. (2020) - 28.0
Hasson et al. (2019) 18.0 27.4

Cao et al. (2021) 14.2 -

Ours 9.8 25.3

3.3.5 Ablation study

To motivate our design choices, we present a quantitative comparison of our method with

various components disabled. We validate that the combination of our design choices outper-

forms the naïve collaborative learning baseline (as illustrated in Figure 3.4), which predicts

the embeddings directly and perform 3D reconstruction last.

Impact of the number of network iterations (P ). Table 3.6 shows the results of varying
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Table 3.4: PCK performance over respective error threshold on FPHA. Compared to another
collaborative learning framework (S. Yang et al., 2020) and graph-based method (Doosti et
al., 2020), our method performs better and is able to reconstruct both hand-object meshes.

Method PCK@20mm PCK@25mm

Tekin et al. (2019) 69.17% 81.25%
Garcia-Hernando et al. (2018) 74.73 % 82.10%

S. Yang et al. (2020) 81.03% 86.61%
Doosti et al. (2020) 92.17% 92.63%

Ours 93.14% 95.65%

Figure 3.3: 3D PCK for ObMan (left) and FPHA (right) datasets. Note that Doosti et al.,
2020 is a hand-object pose estimation method where known object is given.

P with associative loss and demonstrate that associative loss contributes to improving hand

and object error. This can be expected since hand-object reconstruction are highly correlated

such that learning in a collaborative manner enables performance boost to each other. The

effectiveness of our proposed dynamic graph convolution can be demonstrated by the fast

performance saturation at P = 2. Note that we took ObMan as our baseline and graph

convolution is enabled from P = 1.

Comparison with static graph convolution. To motivate our dynamic graph convolu-

tion, we experiment with two commonly used graph convolution in Table 3.6, i.e. GCN (Kipf

et al., 2017) and spiral mesh convolution (Gong et al., 2019). As the graph convolutions
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Table 3.5: Error rates on DexYCB and Spurr et al. (2020) is the winner of HANDS 2019
Challenge (Armagan et al., 2020). Table indicates hand error (mm) with AUC values in
parentheses. S0-S3 are the official dataset splits.

S0 S1 S2 S3

Spurr et al. (2020) 17.34(0.698) 22.26(0.615) 25.49(0.530) 18.44(0.686)
Ours 16.05(0.722) 21.22(0.620) 27.01(0.521) 17.93(0.698)

Figure 3.4: Simple collaborative learning framework design. Note that the yellow cross sign
refers to addition.

weights are only updated after P iterations, increasing network iterations will have zero

effects. It can be seen that static graph convolution does not benefit from increasing net-

work iterations. We also observed that our unsupervised associative loss (Lasso) consistently

improves hand-object error across Table 3.6.

Effectiveness of associative loss (Lasso). To further study the effect of our unsupervised

associative loss Lasso, we plot the training loss for the collaborative framework, with and

without associative loss in Figure 3.5. Unsurprisingly, we find that increasing network itera-

tions P contributes to a higher convergence rate (right of Figure 3.5). We also observe that

Lasso is able to stabilise the training across all iterations (left of Figure 3.5). This shows that

training with Lasso is crucial for this framework.
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Table 3.6: Performances of different network design choices on FPHA−. We experiment
on network iterations P , associative loss Lasso and two different convolution operators (i.e.
GCN (Kipf et al., 2017) and spiral (Gong et al., 2019). Note that the baseline on the first
row is same as ObMan.

w Lasso w/o Lasso

Method Hand Error Object Error Hand Error Object Error
Baseline - - 28.4 1655.2
Baseline (P = 1) 26.9 1600.3 27.4 1625.9
Baseline (P = 2) 25.3 1445.0 26.3 1618.4
Baseline (P = 3) 25.4 1448.2 26.4 1620.5
Baseline (P = 4) 25.3 1447.9 26.3 1612.9
Baseline (P = 5) 25.3 1445.6 26.2 1618.8
GCN (P = 1) 27.1 1587.6 27.8 1629.8
GCN (P = 2) 27.0 1590.8 28.2 1635.1
Spiral (P = 1) 26.8 1581.8 27.6 1630.1
Spiral (P = 2) 26.9 1600.2 27.6 1629.5

Mesh generation within iterations. We target the problem of mutual occlusion of inter-

acting hand and object by sharing 3D information at each iteration via graph convolution.

To validate this design choice, we construct a simpler collaborative learning framework which

directly predicts embeddings ϕθ and reconstruct meshes mθ at the final stage (see Figure 3.4).

As FPHA has limited backgrounds and visible magnetic sensors, we compare the two design

on FPHA and DexYCB. Table 3.7 shows that our final design consistently outperforms the

naïve composition baseline across both datasets. We observe that sharing 3D mesh infor-

mation across hand and object branches improves both reconstruction performance. At the

bottom right of Figure 3.1, we provide a qualitative example of how reconstruction changes

with graph convolution. It can be confirmed that our attention-guided graph convolution

combined with collaborative learning enables better mesh quality as well as more accurate

pose estimation. We provide additional qualitative results in Figure 3.6.

MANO pose representation. As described in Section 3.2.1, our hand branch outputs a

45-dimensional vector to represent the hand. We experiment with different dimensionality

for the latent hand representation and summarise our findings in Table 3.8. We observe low-
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Figure 3.5: Progression of training losses for iterations P = {1, . . . , 4}, without (left) and
with (right) associative loss Lasso.

Table 3.7: Ablation studies on collaborative learning framework design. We experiment on
both FPHA− and the default DexYCB (S0) dataset split. * refers to the naïve collaborative
learning baseline.

FPHA− DexYCB (S0)
Method Hand Error Object Error Hand Error Object Error
P = 1 Ours* 28.0 1759.4 17.9 563.4

Ours 26.9 1600.3 17.6 529.3
P = 2 Ours* 27.6 1726.8 17.5 554.6

Ours 25.3 1445.0 16.1 461.1
P = 3 Ours* 27.1 1678.1 17.3 542.1

Ours 25.4 1448.2 16.0 464.2

dimensionality fails to capture some poses present in the datasets and full 45-dimensional

vector is required to produce the best result.

MANO shape regularisation. Similarly, we observe that hand reconstruction perfor-

mance increases with a larger saturated hand shape value than when it is trained with hand

shape regularisation. We experiment with the loss on 3D joints (LJ) and shape regularisation

(Lβ). Table 3.9 shows that the hand reconstruction performance increases without shape

regularisation (Lβ). As dense vertex supervision is not available in the real dataset FPHA−,
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Figure 3.6: Qualitative results on DexYCB (top two rows), EPIC-Kitchens (Damen et al.,
2018) (left of bottom row) and 100 Days of Hands (100DOH) (Shan et al., 2020) (right of
bottom row). The bottom row refers to in-the-wild settings. Our model, trained only on
DexYCB, shows robustness to various hand poses, objects and scenes.

Table 3.8: We report the mean end-point error (mm) on FPHA− and ObMan to study the
effect of the number of PCA hand pose components for the latent MANO representation.

PCA components 15 30 45
ObMan 11.7 9.6 9.2
FPHA− 28.2 26.1 25.3

we omit experimenting on vertex loss LV .

Table 3.9: The mean end-point errors (mm) of two versions of our system that use 1) only the
3D joint loss (LJ) and 2) a combination of the joint loss and shape regularisation (LJ +Lβ).
For both ObMan and FPHA−, low errors are measured when shape regularisation is disabled.

ObMan FPHA−

LJ 9.2 25.3
LJ + Lβ 10.3 27.5

Multi-head attention. As described in Section 3.2.3, we found multi-head attention to

be beneficial. We experiment with different number of heads and summarise our findings in

Table 3.10. We used multi-head attention K = 3 in all experiments as it provides the best

performance.
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Table 3.10: We report the mean end-point error (mm) on FPHA− and ObMan to study the
effect of the number of multi-head attention mechanism.

#heads 1 2 3 4 5
ObMan 12.4 11.4 9.2 9.3 9.6
FPHA− 28.7 26.8 25.3 25.5 25.4

3.4 Summary

In this chapter, we introduced a novel collaborative learning framework that addresses the

challenge of mutual occlusion in hand-object interactions. Our approach enables the iter-

ative sharing of mesh information between the hand and object branches, leveraging the

highly correlated nature of estimating the pose of interacting hands and objects. To capture

long-range dependencies from the dynamic graph, we proposed an attention-guided graph

convolution, which effectively incorporates mesh information in a single layer.

One of the key contributions of our work is the introduction of an unsupervised asso-

ciative loss that stabilizes the training process and enhances the feature transferring between

the branches. By incorporating this loss, we observed improved performance compared to

existing approaches on several widely-used datasets, highlighting the effectiveness of our

collaborative learning framework.

However, our work had a few limitations that should be addressed in future research.

Firstly, our reliance on AtlasNet for object reconstruction resulted in varying reconstruction

quality based on the size of the training data. Exploring alternative or complementary

techniques for object reconstruction could potentially mitigate this limitation and improve

the overall quality of object reconstructions.

In addition, our current approach focused on static objects, and we did not consider

the interaction between hands and articulated objects. Future works should aim to extend
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our framework to handle the complexities introduced by articulated objects, as these scenar-

ios are common in real-world hand-object interactions. By incorporating articulated objects,

we can further enhance the realism and applicability of our collaborative learning framework.

Addressing these limitations will contribute to the advancement of our collaborative

learning approach and enable more robust and accurate hand-object interaction analysis in

various real-world scenarios.
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Chapter Four

LEARNING TWO-HAND

RECONSTRUCTION FROM

EGOCENTRIC MULTI-VIEW RGB

IMAGES

This chapter presents work published at the 2023 International Conference on Com-

puter Vision (ICCV) in Paris, France (Tse et al., 2023).

In Chapter 3, we addressed a challenging single-view problem setting, but it was not

without limitations. Firstly, our approach was limited to scenarios involving a single hand

and object, which restricted its applicability to more complex interactions. Additionally,

although our learning-based approach performed well on benchmarks even without the use

of contact loss terms, there were instances of physically implausible reconstructions during

test time. This suggests that our model did not fully learn the physical constraints of the

real world.
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In this chapter, our focus shifts towards tackling an even more challenging problem

setting: the reconstruction of two hands in an egocentric view setting, with an emphasis

on absolute root pose recovery for the applications on AR/VR. This is motivated by the

fact that understanding two-hand interactions from an egocentric view is crucial for AR/VR

applications as it enhances realism and user engagement by aligning virtual objects with the

user’s real-world perspective. Our objective is to achieve high-fidelity reconstruction of both

hands, including the extended forearms. By doing so, we aim to provide a more realistic

and accurate representation of hand movements and gestures compared to the parametric

hand model MANO. This expansion of our reconstruction scope to encompass two hands

and absolute root pose recovery presents new complexities and opportunities for improving

the realism and accuracy of our reconstructions.

Several recent methods have been developed in response to the availability of the

InterHand2.6M dataset (Moon et al., 2020c). These methods aim to address the self-

similarity issue between interacting hands. Some of the more recent approaches tackle this

problem by leveraging hand part segmentation probability (Z. Fan et al., 2021), joint visi-

bility (D. U. Kim et al., 2021), cascaded refinement modules (Baowen Zhang et al., 2021),

or keypoints using Transformer (Hampali et al., 2022). While these methods demonstrate

good performance on complex hand configurations, they rely on root joint alignment and

do not provide absolute root pose recovery in multi-view scenarios. This limitation becomes

particularly critical for interactions in VR settings where precise root pose estimation is

essential.

In addition, accurate estimation of two hands, including the extended forearms, is

crucial for many immersive AR/VR applications. This comprehensive representation enables

a more realistic and precise portrayal of hand movements and gestures within the virtual

environment. By incorporating the forearm, the orientation and movement of the hand

relative to the arm can provide valuable contextual information for the user’s actions in the
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virtual space. Moreover, including the forearm in the tracking system can help reduce errors

and enhance the stability of the overall tracking process, which is essential for maintaining

a high level of immersion and preventing disorientation in AR/VR applications (Han et al.,

2020). However, similar to other pose estimation areas, there is currently a lack of suitable

datasets for supervised deep learning approaches in this domain. Existing datasets either do

not support egocentric views due to feasibility constraints (Garcia-Hernando et al., 2018) or

lack the variations in background and lighting conditions (Moon et al., 2020c) as they were

captured under constrained laboratory settings. Also, accurately estimating the pose of two

closely interacting hands with extended forearms remains challenging. In such scenarios,

one hand often occludes the other, making it difficult to achieve precise hand tracking and

motion estimation (D. U. Kim et al., 2021).

In this paper, we make the following contributions: 1) We present a novel end-to-end

trainable spectral graph-based transformer for high fidelity two-hand reconstruction from

multi-view RGB image. 2) We design an efficient soft attention-based multi-view image

feature fusion in which the resulting image features are region-specific to segmented hand

mesh. We further demonstrate a minimal reduction of 35% in the model size with this

approach. 3) We introduce an optimisation-based method to refine physically-implausible

meshes at inference. 4) We create a large-scale synthetic multi-view dataset with high

resolution 3D hand meshes and collect real dataset to verify our proposed method.

We first provide preliminaries in hand pose estimation and existing hand datasets in

Section 4.1. We then describe our proposed model and method for leveraging the properties

of graph Laplacian from spectral graph theory in Section 4.2. Finally, we present empirical

evidence to show the strength of our proposed method in Section 4.3 and conclude the

chapter in Section 4.4.
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4.1 Preliminary

Our work tackles the problem of two-hand reconstruction from multi-view colour images.

We first introduce the literature on two-hand pose estimation in Section 4.1.1. Then, we

focus on the line that leverages Transformer on human body/hand modelling in Section 4.1.2.

Finally, we provide a brief on existing hand datasets which motivates us to create a large-scale

egocentric dataset in Section 4.1.3.

4.1.1 Two-hand pose estimation

The task of pose estimation for interacting hands can be broadly categorised into discrimi-

native and generative (or hybrid) approaches. Initially, hybrid approaches were commonly

employed, where visual cues detected by discriminative methods were utilised, followed by

model fitting. For example, both Ballan et al. (2012) and Tzionas et al. (2016) incorporated

collision optimisation terms and physical modeling based on detected fingertips. Other ap-

proaches (Han et al., 2020; Mueller et al., 2019; Jiayi Wang et al., 2020; Han et al., 2022)

extracted image features or keypoints from RGB or depth images and fitted hand models

with physical constraints. With the introduction of recent large-scale datasets focusing on

interacting hands (Moon et al., 2020c), fully discriminative methods have emerged. These

methods, including D. U. Kim et al. (2021), M. Li et al. (2022), Hampali et al. (2022), Rong

et al. (2021), and Baowen Zhang et al. (2021), jointly estimate the 3D joint locations or hand

model parameters directly from a single RGB image.
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4.1.2 Transformer in 3D vision

Transformer-based architectures have gained significant popularity in the field of computer

vision. In this context, we specifically focus on methods that reconstruct the human body

or hands from RGB images, and we recommend referring to Khan et al. (2022) for a com-

prehensive survey on this topic. In a closely related work, K. Lin et al. (2021a) employs

cascaded Transformer encoders to reconstruct the human body and hands from a single

RGB image, achieving state-of-the-art performance. Building upon this work, K. Lin et al.

(2021b) extends the approach by incorporating graph convolutions into the Transformer en-

coder. Furthermore, J. Cho et al. (2022) enhances the efficiency of K. Lin et al. (2021a)

by disentangling image encoding and mesh estimation through an encoder-decoder archi-

tecture. Hampali et al. (2022) extends "Detection Transformer" (Carion et al., 2020) with

hand-object pose estimations. While these existing works primarily focus on single-image

reconstruction, extending them to the multi-view setting is challenging due to the large num-

ber of learnable parameters involved. In contrast, our proposed architecture is specifically

designed to efficiently reconstruct two hands at a high resolution, thereby addressing the

unique requirements of this particular scenario.

4.1.3 Hand pose datasets

The effectiveness of discriminative methods heavily relies on the availability and diver-

sity of datasets capturing hands interacting with each other. While the InterHand2.6M

dataset (Moon et al., 2020c) offers a large-scale collection of closely interacting hand mo-

tions, it lacks significant variation in background and lighting conditions. On the other hand,

FreiHAND (Zimmermann et al., 2019) provides more extensive background variation, but

it is limited to single-hand scenarios and third-person views. Consequently, these datasets

do not adequately address the requirements of the egocentric two-hand reconstruction task.
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Alternatively, as discussed in Section 2.3.1, the available egocentric datasets are either con-

strained by visible markers (Garcia-Hernando et al., 2018) or limited to controlled lab envi-

ronments (Kwon et al., 2021). This motivates us to create a large-scale egocentric synthetic

dataset with improved environment and lighting variations. To validate our proposed multi-

view fusion strategy, we further collect a real dataset with more challenging camera viewing

angles. Altogether, both synthetic and real datasets contain diverse egocentric multi-view

and -frame data points with multiple subjects.

4.2 Methodology

We build on the state-of-the-art Transformaer-based model for 3D two-hand reconstruction

from egocentric multi-view colour images. Differently from Chapter 3, we target at multi-

view problem setting with the focus on egocentric views to simulate the practical scenario

for immersive AR applications. The key idea of our approach is to first aggregate multi-view

image features and upsample features to target mesh resolution.

In the following, we first present the overview of our proposed method and mathe-

matical notations in Sections 4.2.1 and 4.2.2. We then detail the multi-view image feature

encoder in Section 4.2.3, the spectral graph convolution decoder in Section 4.2.4 and the

loss used for training in Section 4.2.5. We also present an optimisation-based refinement

procedure at inference time to produce physically plausible reconstructions in Section 4.2.6.

4.2.1 Overview

As shown in Figure 4.1 , our architecture first passes N number of multi-view RGB input

images x ∈ RN×224×224×3 to a shared CNN backbone to extract volumetric features f ∈
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RN×7×7×2048, i.e. features before the global average pooling layer for ResNet (He et al., 2016).

The volumetric features are then fed into a soft attention-based multi-view feature encoder

and output K region-specific features fr ∈ RK×C where C refers to the feature channel

size. The Transformer encoder takes fr together with template hand meshes m′ ∈ RV ′×3

and outputs a coarse mesh representation fc ∈ RV ′×F . Finally, the spectral graph decoder

generates hand meshes m ∈ RV×3 by upsampling on fc where V ≫ V ′. With slight abuse of

notation, m can either be two-hand or single-hand depending on the application.
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Figure 4.1: A schematic illustration of our framework. Given multi-view RGB images, we
extract volumetric features f with a shared CNN backbone. The soft-attention fusion block
generates the attention maskM and finer image features f ′ through multiple upsampling and
convolution blocks. Region-specific features fr are computed by first aggregating f ′ along the
feature channel dimension via the attention mask M, followed by a max-pooling operation
across multi-view images to focus on useful features. Then, we apply mesh segmentation
via spectral clustering on template hand meshes and uniformly subsample them to obtain
coarse meshes. We perform position encoding by concatenating coarse template meshes to
the corresponding region-specific features fr, i.e. matching colored features to mesh segments.
Finally, our multi-layer transformer encoder takes the resulting features as input and outputs
a coarse mesh representation fc which is then decoded by a spectral graph decoder to produce
the final two-hand meshes at target resolution. Here, each hand contains 4023 vertices.

4.2.2 Graph Laplacian

A 3D mesh can be represented as an undirected graph G = (V , E ,A), where V is a node

set and E is an edge set. An adjacency matrix A ∈ R|V|×|V| encodes information of pairwise

relations between nodes. A degree matrix D ∈ R|V|×|V| is a diagonal matrix whose diagonal
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element Dii =
∑

j Aij refers to the degree value of each node. An essential operator in

spectral graph theory (Chung, 1997) is the graph Laplacian L, whose definition is L =

D − A, and L = UΛUT where the graph Laplacian can be diagonalised by the Fourier

basis U = [u1, . . . ,u|V|] ∈ R|V|×|V| and Λ = diag([λ1, . . . , λ|V|)] ∈ R|V|×|V| where {ui}|V|i=1 are

the eigenvectors and {λi}|V|i=1 are the non-negative eigenvalues of graph Laplacian (0 = λ1 ≤

. . . ≤ λ|V|).

4.2.3 Multi-view image feature encoder

In order to adapt the Transformer-based architecture to multi-view settings and prevent

concatenating global image features in an overly-duplicated way, as observed in K. Lin et

al., 2021a, we introduce a simple soft-attention fusion strategy. This approach is designed

to enhance the aggregation of features across multiple views and enable selective attention

to different hand parts through mesh segmentation. The output of this process is a set of K

region-specific features denoted as fr, which are identified using spectral clustering. These

region-specific features are then fed into our Transformer encoder, allowing us to obtain a

coarse mesh representation denoted as fc.

Soft-attention fusion. Given volumetric features f from the shared CNN backbone, we do

not apply any pooling operations to avoid losing spatial information. Instead, we aggregate

multi-view features with a soft-attention mask. We first obtain a finer representation of

f , denoted as f ′ ∈ RN×(H×W )×C , by feeding it through two blocks each comprised of 2D

upsampling with bilinear interpolation, 3 × 3 convolution layers, batch-normalisation (Ioffe

et al., 2015) and ReLU. The soft-attention maskM∈ RN×(H×W )×K is obtained by applying

1) K 1 × 1 convolutional filters to reduce the feature channel of f ′ to K and 2) spatial

soft arg-max which determines the image-space point of maximal activation in each C. At

this stage, we compute per-frame features f ′′ ∈ RN×K×C by f ′′ =MTf ′. We finally obtain
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Figure 4.2: Illustration of mesh segmentation via spectral clustering. Here, we have chosen
K = 7 clusters and each has its own color for a single right-handed template mesh. As
shown, there are no rigid boundaries across the mesh. To prepare inputs ft to transformer,
we subsample this mesh (same for left hand) uniformly by a factor of 10, i.e. V ′ = V/10 and
concatenate with the corresponding region-specific features fr.

region-specific features fr ∈ RK×C by max-pooling along the second dimension of f ′′. There

are two intuitions to this design: 1) the corresponding feature with higher attention weight

contributes more to the final feature representation spatially and 2) max-pooling allows

efficient feature selection across multiple views and it does not overfit to any multi-camera

configurations as CNN filters are shared across all views.

Mesh segmentation via spectral clustering. We now perform spectral clustering to

obtain a 3D mesh segmentation by applying the eigen-decomposition of the graph Laplacian

L instead of the affinity matrix (which encodes pairwise point affinities with exponential

kernel), followed by k-means clustering into K clusters. With this approach, we can efficiently

segment any template model mesh without manual effort. In addition, as shown in Figure 4.2,

the segmented mesh does not exhibit clear-cut boundaries, and certain clusters are scattered

throughout the entire surface. This is in spirit similar to mask vertex modeling occlusions in

K. Lin et al., 2021a by encouraging the transformer to consider other relevant vertex queries.
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Transformer encoder. We then concatenate the C-dimensional region-specific image fea-

tures to the corresponding K clusters of the segmented template hand mesh. The resulting

features ft ∈ RV ′×(C+3) 1 are fed into a multi-layer transformer encoder with progressive

dimensionality reduction. The output is a coarse mesh representation fc ∈ RV ′×F , where

F = (C + 3)/2n with n layers of transformer encoder.

Theoretical motivations. Since there do not exist explicit coordinate systems as in grid

graphs, aligning nodes of highly irregular graphs in nature is a non-trivial problem. Recent

studies (Dwivedi et al., 2022; Dwivedi et al., 2021; Kreuzer et al., 2021) attempted to encode

positional information by leveraging the spectral domain in a way that nearby nodes have

similar values and distant nodes have different values. This can be achieved as the eigen-

vectors of the graph Laplacian can be interpreted as the generalised concepts of sinusoidal

functions of positional encoding in Transformers (Vaswani et al., 2017). For instance with

any given graph, nodes close to each other can be assigned values of similar positional fea-

tures as the smaller the eigenvalue of the graph Laplacian λi (closer to 0) the smoother the

coordinates of the corresponding eigenvector ui.

4.2.4 Spectral graph decoder

As illustrated in Figure 4.3, we find that simply relying on fully-connected layers to upsample

meshes to target resolution is insufficient as this process introduces instability and disruption

to the mesh. Therefore, we couple the fully-connected layers for upsampling with spectral

filtering as meshes can be treated as graph signals fc = (f1, · · · , fV ′) ∈ RV ′×F , i.e. V ′ vertices

with F -dimensional features for batch size of 1.

Spectral filtering. As spectral graph convolution can be defined via point-wise products
1+3 refers to the 3D positions of mesh template.

63



LEARNING TWO-HAND RECONSTRUCTION FROM EGOCENTRIC MULTI-VIEW
RGB IMAGES

METRO Ours

Figure 4.3: Qualitative comparison with METRO (K. Lin et al., 2021a). We show that
relying on fully-connected layers to upsample meshes is inadequate for high-resolution mesh
reconstruction. In contrast, our spectral graph decoder can accurately capture intricate
surface features like nails.
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in the transformed Fourier space, graph signals fc filtered by gθ can then be expressed as

Ugθ(Λ)UT fc where gθ(Λ) is a diagonal matrix with Fourier coefficients. To ensure that

the spectral filter corresponds to a meaningful convolution on the graph, a natural solution

is to parameterise based on the eigenvalues of the Laplacian. In this work, we use the

Chebyshev polynomial parametrisation of gθ(L) for fast computation and readers are referred

to Defferrard et al., 2016 for more details.

Architecture. Our decoder is based on a hierarchical architecture where the mesh is re-

covered by using fully-connected and graph convolution layers for upsampling. We followed

Ge et al. (2019) and Defferrard et al. (2016) to pre-computed coarse graphs and used the

third-order polynomial in the Laplacian. Given the coarse mesh representation fc ∈ RV ′×F ,

our key idea here is to smooth out the F -dimensional values after upsampling on V ′. The

fundamental difference between our approach and the previous ones (Ge et al., 2019; Choi

et al., 2020) is that they have a hierarchical architecture on both V ′ and F dimensions, we

apply only spectral filtering and keep F = 3 constant which massively reduces the model

size while maintaining performance.

Discussions. Recall that in Section 4.2.3, we leverage the properties of Laplacian eigenvec-

tors to perform spectral clustering. Here we can interpret from a signal processing perspective

where the Laplacian eigenvectors define signals that vary smoothly across the graph, with

the smoothest signals indicating the coarse community structure of the mesh.

4.2.5 Training

Our model can be trained end-to-end with L1 losses on 3D mesh vertices and 2D re-projection

using the predicted camera parameters to improve image-mesh alignment. In addition, we
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apply an edge length regularisation Ledge to encourage smoothness of the mesh:

Ledge(m) =
1

|EL|
∑
l∈EL

|l2 − µ(E2L)|, (4.1)

where EL refers to the set of edge lengths, defined as the L2 norms of all edges and µ(E2L) is

the average of the squared edge lengths.

4.2.6 Mesh refinement at inference

There are two main approaches in the literature for producing realistic mesh reconstruction:

learning-based and optimisation-based methods. Learning-based methods (Hasson et al.,

2019; Moon et al., 2020b) approach the problem by proposing various repulsive losses that

penalise penetration during training. However, their generalisation ability to other meshes is

limited due to the need for mesh-specific pre-computation. In particular, they require manual

selection of areas of interest (i.e. fingertips and palm) which does not prevent other forms of

self-penetrations, such as finger-finger. More importantly, the presence of interpenetration at

test time shows that the model is unable to learn the physical rule implicitly. On the other

hand, recent optimisation-based methods (Grady et al., 2021; Tse et al., 2022b) leverage

contact maps to refine meshes at inference. However, they rely heavily on accurate contact

map estimations and are sensitive to initialisation as contact optimisation is local.

To overcome these limitations, we extend the repulsion loss from Hasson et al. (2019)

into an optimisation-based strategy which does not require any form of pre-computation and

is more generalisable to other meshes. To identify hand vertices that contribute to collision,

we cast rays from each vertex and count the number of surface intersections. If the number

is odd, it indicates penetration. After obtaining the collision mask MC , we compute the

nearest point in the source mesh m with respect to the set of collision points. If the point
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and its nearest corresponding point have a different normal, we compute their distance as

loss. We minimise this collision loss Lcollision with as-rigid-as-possible (ARAP) Sorkine et al.

(2007) regularisation on the mesh shape:

Lcollision(m,MC) =
∑
v∈V

MC · d(v,V), (4.2)

where MC = 1v∈Int(V) indicates which vertices belong to the interior of the mesh and

d(v,V) = minv′∈V ∥v − v′∥2 denotes distances from point v′ to set V . We show that our

method is able to remove self-penetration in Figure 4.4.

4.2.7 Datasets

As discussed in Section 4.1.3, there is a lack of high fidelity two-hand dataset for training.

In the following, we describe how we create a large-scale synthetic multi-view dataset as well

as collecting a real-world data to validate our approach.

Synthetic dataset creation. A large-scale multi-view egocentric dataset with challenging

interacting hand motion is required to train our pipeline. However, existing datasets are

either infeasible for egocentric views or lack variations in terms of background and lighting

conditions, which are crucial for AR/VR applications. In addition, the ground-truth mesh

in InterHand2.6M dataset (Moon et al., 2020c) contains 5mm fitting error which is sufficient

to cause inaccuracy in hand tracking or misalignment when interacting with virtual objects.

Therefore, it is not suitable to validate our approach. To this end, we create a new large-

scale synthetic egocentric dataset with two high-fidelity 3D hand meshes. In particular, we

purchase commercial 3D hand models for both left and right hands. Each of them contains

4023 vertices and 4008 quad faces. By dividing each quad into two triangles, they can be

decomposed into 8016 triangular faces. The size and textures of the hand models can vary,
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Input Input zoomed view Output zoomed view

Figure 4.4: Qualitative examples of mesh refinement at inference. Our optimisation-based
strategy shows robustness to various hand poses.
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Figure 4.5: Qualitative examples of our synthetic dataset. The scenes are rendered with
large variations in lighting, texture and background.

and it can also be rigged with 3D joint locations. We apply photorealistic textures as well as

natural lighting using High-Dynamic-Range (HDR) images. To create realistic hand motions,

we generate 100 poses and interpolate between pairs of these poses randomly over 1000 frame

sequences, i.e. pose pair is swapped every 10 frames. Then, we render hands onto 480 4K

backgrounds using the Cycles renderer (Blender, 2023). Our synthetic dataset comprises

1M data points. Each data point consists of 3D annotations for two hands, rendered in two

egocentric views to simulate a customised camera headset scenario. We divide the entire

dataset into 4 groups and use 25% randomly for testing and provide image examples in

Figure 4.5.

Real dataset collection. Our real hand data is captured from a multi-view stereo system

with 18 synchronised Z-Cams. We build a NeRF-based (Barron et al., 2022; Müller et al.,

2022) reconstruction pipeline that simultaneously reconstructs and disentangles the fore-

ground and the background, from which a meshing module extracts hand meshes as ground-

truth target mesh. We then apply a mesh and tetrahedral registration approach (Smith et

al., 2020) that registers a template hand model (H. Xu et al., 2020) to get a well-registered

mesh for each reconstruction. We provide image examples in Figure 4.8.
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4.3 Experiment

In this section, we first describe our implementation details in Section 4.3.1 and the datasets

in Section 4.2.7. We then describe the corresponding evaluation protocols in Sections 4.3.2

and 4.3.3. Finaly, we validate our approach numerically and qualitatively in Sections 4.3.4

and 4.3.5.

4.3.1 Implementation details

We train all parts of the network simultaneously with the Adam optimiser (Kingma et

al., 2015) using a learning rate of 10−4 when training on the synthetic dataset and 10−5

when fine-tuning on the real dataset. We use ResNet (He et al., 2016) pre-trained on Im-

ageNet (Russakovsky et al., 2015) for our CNN backbone. For computing region-specific

features fr, we set K = 7 and C = 256.

4.3.2 Baselines

We compare with the state-of-the-art Transformer-based architecture METRO (K. Lin et

al., 2021a) that is explicitly designed for human body mesh reconstruction. We follow their

official implementation and use 3 transformer encoder layers. We attempted to include other

strong baselines to compare with. However, given our challenging multi-view settings on

reconstructing high resolution two-hand meshes, existing methods are constrained by either

1) relying on intermediate 3D pose supervision (Moon et al., 2020a; Choi et al., 2020) or 2)

directly regressing a low resolution parametric hand model (Hasson et al., 2019; Zimmermann

et al., 2019; Baek et al., 2019; Boukhayma et al., 2019). In addition, the direct extension

of METRO, Mesh Graphormer (K. Lin et al., 2021b), is infeasible to extend to multi-view
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settings as they tokenised volumetric features which increases the computational complexity

of each transformer layer quadratically (J. Cho et al., 2022). Therefore, by considering that

the performance gain is minor, we pick METRO as a strong baseline and study in-depth.

4.3.3 Evaluation metric

We report the Mean-Per-Vertex-Error (MPVE) (K. Lin et al., 2021a) in mm to evaluate

the hand reconstruction error. MPVE measures the mean Euclidean distances between the

ground-truth vertices and the predicted vertices.

4.3.4 Results

We perform a quantitative comparison for the two-hand reconstruction task on our syn-

thetic dataset. As previously mentioned in Section 4.3.2, comparing with other methods is

not straightforward since the majority of existing methods focus on single-view settings. We

extend METRO (K. Lin et al., 2021a) to the multi-view setting by applying max-pool to im-

age features and concatenating them with vertex queries. For fair comparisons, we share the

same hyperparameter setting for the multi-layer transformer encoder and report the results

in Table 4.1. In this experiment, we downsample the template hand mesh by 10 times. To

provide more context regarding the difficulty of our synthetic dataset, we also experiment on

a parametric baseline. We create a parametric hand model which uses the 200-dimensional

PCA subspace from 25% of the training data. We use ResNet-50 as the backbone for all

models in Table 4.1 and the parametric baseline has an MLP head to predict the input

parameters to recover the hand mesh. Our method significantly outperforms both baseline

methods with less than half the model size of METRO. We show that our soft-attention fea-

ture fusion strategy coupled with mesh segmentation using spectral clustering can effectively
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reduce the feature channel size from 2048 to 256 without performance drop. In addition,

the performance of the parametric baseline is in-line with existing single-hand benchmarks.

Furthermore, we report results on single-view benchmark FreiHAND (Zimmermann et al.,

2019) in Table 4.2. Lastly, we provide additional qualitative examples in Figures 4.6 and

4.7.

Table 4.1: Error rates on our synthetic dataset. Parametric baseline is trained and tested
on right hand only. Our proposed method achieves strong performance with less than half
the METRO model size.

Hand error # Params
Parametric baseline 24.5 40.9M
METRO 7.09 116.1M
Ours (w/o graph decoder) 3.72 75.2M
Ours 1.38 58.3M

Table 4.2: Error rates (in mm) on FreiHAND dataset.

METRO Graphormer Ours
PA-MPVPE ↓ 6.7 5.9 5.5
PA-MPJPE ↓ 6.8 6.0 5.6

4.3.5 Ablation study

To motivate our design choices, we present a quantitative evaluation of our method with

various components disabled. We validate that each of our proposed technical component

contributes meaningfully.

Effects of multi-view feature fusion. Table 4.3 shows the results of varying number

of spectral clusters K (full results in supp.). The combination of soft-attention fusion and

mesh segmentation consistently improves the performance. As our synthetic dataset contains

only two views, we further verify our multi-view fusion strategy on more challenging viewing

72



LEARNING TWO-HAND RECONSTRUCTION FROM EGOCENTRIC MULTI-VIEW
RGB IMAGES

Figure 4.6: Additional qualitative examples on our real dataset.
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Figure 4.7: Additional qualitative examples on our synthetic dataset.
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angles captured in our real dataset. We also demonstrate that our method does not overfit

to camera setup when tested on unseen camera views in Table 4.4. In these experiments, we

divide the 18 camera views into 2 groups, i.e. the first group contains the first 15 camera

views and the second group contains the last 3 unseen camera views for evaluation. Note

that the evaluation group contains the only egocentric view. We consider 3 experimental

settings by varying number of camera views present in the training data: (a) 15 views, (b)

6 views and (c) 3 views in Table 4.4.

Table 4.3: Performance of different multi-view fusion strategies. We report hand error for
both settings. K refers to the number of clusters for template hand mesh. Note that we do
not include spectral filtering in the graph decoder here.

Single-view Multi-view
METRO 10.87 -
METRO + avg. pool - 8.71
METRO + max pool - 7.09
Ours (K = 1) - 6.59
Ours (K = 2) - 5.71
Ours (K = 3) - 5.19
Ours (K = 4) - 4.79
Ours (K = 5) - 4.59
Ours (K = 6) - 5.28
Ours (K = 7) - 3.72
Ours (K = 8) - 3.79

Table 4.4: Ablations on multi-view feature fusion. We report hand error on 3 experimental
settings ((a)-(c)) with different feature fusion strategies. We keep the same transformer and
spectral graph decoder for all fusion strategies.

(a) (b) (c)
Direct concatenation 11.3 13.9 14.7
Max pool 9.3 11.2 12.5
Soft-attention + max pool 6.7 7.2 7.4

Effects of spectral filters. We experiment with three commonly-used spectral filters:

Gaussian ggau, Laplacian glap and Chebyshev filters gcheb with varying order of polynomials
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Table 4.5: Ablations of different spectral filters.

ggau glap gcheb3 gcheb4 gcheb5 gcheb6

Hand error 1.56 1.45 1.38 1.47 1.38 1.39

in Table 4.5. We choose gcheb for efficiency and do not find increasing order of polynomials

improves performance further. In the following, we detail Gaussian and Laplacian filters.

Given eigenvalue λ, the Gaussian filter function fgau can be described as:

fgau(λ) = e
−λ2

2σ2 , (4.3)

where σ is the standard deviation of the Gaussian distribution. We set σ = 0.5 in our

experiments. Similarly, the Laplacian filter function flap can be described as:

flap(λ) = λ− 1
2 . (4.4)

As eigenvalues can have zero and negative values, the inverse square root computation can

result in NaN (not a number) values. Therefore, we put a tolerance value that is close to

zero to avoid this.

Synthetic to real transfer. Large-scale synthetic dataset can be used to pre-train models

in the absence of suitable real datasets. In the following, we demonstrate a use case of

deploying our pre-trained model which was trained on synthetic data to general real images.

First, we train on a subset of our real dataset and freeze all part of the pre-trained model

except CNN backbone. As the registered meshes for our real dataset have a different mesh

topology, we drop the pink cluster of our original template mesh (shown in Figure 4.2)

before training. This approach is analogous to MANO-based 3D hand mesh estimation

methods (Baek et al., 2019; Boukhayma et al., 2019) and has been demonstrated in Moon
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Figure 4.8: Training examples of our real dataset (top) and 3D hand mesh estimation results
on in-the-wild image (bottom). The resulting mesh contains 3745 vertices.

et al., 2020b. We show that our model can generalise to in-the-wild-images in Figure 4.8.

Model compression. We are interested in finding the minimal size to which model can

be compressed while maintaining the METRO baseline performance in Table 4.1. First, we

perform computational complexity analysis on the self-attention layer in the Transformer

encoder. There are two key steps to compute self-attention: 1) linear projection to C-

dimensional query, key and value matrices from V ′ vertex queries requires O(V ′C2) and

softmax operation for layer output requires another O(V ′2C). The total computational

complexity of each transformer layer is therefore quadratic no matter whether V ′ or C

dominates. Recall that as we uniformly subsample template hand meshes by 10 times to
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Table 4.6: Ablations of different backbones and hyperparameters. We denote Pcnn and Ptotal

to be the number of parameters for CNN backbone and total model, respectively.

Backbone Pcnn V ′ C Error Ptotal

ResNet-50 23.5M 804 256 1.38 58.3M

EfficientNet-B3 12.9M 804 256 2.53 47.7M
EfficientNet-B2 9.2M 804 256 2.55 44M
EfficientNet-B1 7.8M 804 256 2.74 42.6M
EfficientNet-B0 5.3M 804 256 2.85 40.1M

EfficientNet-B3 12.9M 804 128 3.00 40.6M
EfficientNet-B2 9.2M 804 128 3.20 36.9M
EfficientNet-B1 7.8M 804 128 3.20 35.5M
EfficientNet-B0 5.3M 804 128 2.91 33M

EfficientNet-B3 12.9M 804 64 4.00 38.4M
EfficientNet-B2 9.2M 804 64 3.87 34.7M
EfficientNet-B1 7.8M 804 64 4.04 33.3M
EfficientNet-B0 5.3M 804 64 4.31 30.8M

EfficientNet-B3 12.9M 804 32 89.7 37.3M
EfficientNet-B0 9.2M 804 32 90 29.7M

EfficientNet-B0 5.3M 160 256 4.12 42.8M
EfficientNet-B0 5.3M 160 128 4.96 37.8M
EfficientNet-B0 5.3M 80 64 6.89 34.2M

obtain V ′ = 804 and C is empirically set to 256 in earlier sections, V ′ contributes more to

overall complexity as it is dominantly larger. As shown in Table 4.6, we gradually decrease

V ′ before C while using a variant of EfficientNet (M. Tan et al., 2019).

Influence of different loss terms. In Table 4.7, we analyse the influence of different

loss terms. In these experiments, we consider L1 losses on 3D mesh vertices and 2D re-

projection loss, i.e. Lmesh and L2D, respectively. In addition, we experiment with mean

squared euclidean distance loss LMSE on hand mesh. For mesh regularisation, we apply

edge length regularisation Ledge and minimise the Chamfer distances Lcham. We find that

the combination of Lmesh, L2D and Ledge delivers the optimal results.
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Table 4.7: Impact of different loss terms on our synthetic dataset. Hand errors are given in
millimeters (mm).

Lmesh L2D LMSE Ledge Lcham Error

✓ ✓ 1.55
✓ ✓ ✓ 1.48
✓ ✓ ✓ 1.38
✓ ✓ ✓ ✓ 1.38
✓ ✓ ✓ ✓ ✓ 1.49

Analysis on mesh refinement at inference. For quantitative evaluation, we use penetra-

tion depth (mm) and intersection volume (cm3). Penetration depth refers to the maximum

distances from hand mesh vertices to the other/self hand’s surface when in a collision. Inter-

section volume is obtained by voxelising the meshes using a voxel size of 0.5cm. We report

the results in Table 4.8. These results demonstrate the robustness of our optimisation-based

mesh refinement strategy.

Table 4.8: Quantitative evaluation on the impact of mesh refinement at inference.

Before refinement After refinement
Max. penetration (mm) 5.3 0.16
Intersection vol. (cm3) 2.0 0.09

4.4 Summary

In this chapter, we have introduced a novel spectral graph-based transformer framework

designed for the reconstruction of high fidelity two-hand meshes from egocentric views. The

main idea behind this work was to explore how the fundamental properties of the graph

Laplacian, derived from spectral graph theory, can be effectively incorporated into a Trans-

former architecture. Through our extensive experiments, we have demonstrated that our
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proposed multi-view feature fusion strategy is most effective when combined with mesh seg-

mentation based on spectral clustering. This combination allows for improved aggregation of

features across multiple views while enabling selective attention to different hand parts. To

enhance the quality and physical plausibility of the reconstructions, we have also introduced

spectral filtering and an optimisation-based refinement step. These additional components

contribute to the generation of more accurate and realistic meshes.

Furthermore, our framework is not limited to two-hand reconstructions alone but can

be extended to other multi-view reconstruction tasks as well. The versatility and generalis-

ability of our approach provide opportunities for its application in various domains.

However, it is important to note that our method may encounter challenges when

dealing with highly complex self-penetrations, as shown in Figure 4.9. While our current

optimisation-based mesh refinement step addresses self-penetrations, future work can focus

on tackling interpenetrations during hand-hand interactions. We believe that incorporating

temporal information and more advanced physical modeling techniques into our framework

will be instrumental in addressing this issue.
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Rotated viewInput view

Figure 4.9: Failure examples for mesh refinement.
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Chapter Five

LEARNING HAND-OBJECT

RECONSTRUCTION AND

COMPOSITIONAL ACTION

RECOGNITION FROM EGOCENTRIC

RGB VIDEOS

In the previous chapters, we developed learning-based method for reconstructing hands and

objects where accurate 3D ground truth annotations is required for every objects. However,

in practice, existing method does not scale well to the number of objects in the world. This

limitation hinders the ability of learning-based approaches to generalise beyond their specific

training domains. As a result, these methods often face challenges when encounter objects

or scenarios that differ from their training data.

In this chapter, we are interested in developing a learning-based approach that can

demonstrate generalisability to unseen objects. In particular, we study jointly the problem
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of hand-object reconstruction and interaction recognition from egocentric RGB views. Our

goal is to enhance understanding of hand-object interactions by developing approaches that

can recognise seen actions on unseen objects. By achieving this, we aim to improve the

versatility and applicability of action recognition systems in real-world scenarios.

As discussed in Section 2.4, recent egocentric hand-object interaction datasets (Kwon

et al., 2021; Garcia-Hernando et al., 2018) with 3D annotations enable the development

of a unified framework for estimating hand-object poses and interaction classes (Tekin et

al., 2019; S. Yang et al., 2020; Kwon et al., 2021; Wen et al., 2023; H. Cho et al., 2023).

These methods couple 3D geometric cues (i.e. hand-object poses and/or contact maps) and

appearance features to predict interaction class. Despite a unified understanding of the hand

and manipulated object dynamics being crucial for recognising egocentric interactions, we

find that pure appearance-based methods (i.e. Multiscale Vision Transformers (H. Fan et

al., 2021; Yanghao Li et al., 2022)) can achieve comparable performance to the state-of-the-

arts. This raises immediate questions on when or how 3D geometric features can benefit

interaction recognition.

In contrast, while deep architectures trained on large-scale datasets (Sigurdsson et

al., 2016; Kay et al., 2017; Karpathy et al., 2014) exhibit strong distribution learning ca-

pabilities, mainstream action recognition models (Simonyan et al., 2014; Carreira et al.,

2017; Feichtenhofer et al., 2019; L. Wang et al., 2016) primarily focus on frame appear-

ance rather than temporal reasoning. Consequently, reversing the order of the video frame

at test time will often produce the same classification result (Materzynska et al., 2020; B.

Zhou et al., 2018). In particular, classical activity recognition methods like the two-stream

Convolutional Neural Network (Simonyan et al., 2014) and I3D (Carreira et al., 2017) have

demonstrated strong performance on various video datasets, including UCF101 (Soomro

et al., 2012) and Sport1M (Karpathy et al., 2014), with only still frames and optical flow.

While appearance features can be highly predictive of the action class (Santoro et al., 2017;
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Battaglia et al., 2018), it remains challenging for appearance-based deep networks to capture

the compositionality of action and objects without temporal transformations or geometric

relations (Materzynska et al., 2020).

To address the aforementioned problems, Materzynska et al. (2020) extends the

Something-Something dataset (Goyal et al., 2017) and introduces the Something-Else task

with a new compositional split. This presents a novel task known as compositional action

recognition, in which methods are required to recognise an action with unseen objects. Un-

der this problem setting, the combinations of actions and object instances do not overlap in

the training and testing split. Therefore, models are encouraged to learn the compositional-

ity of action verb and noun, and not overfit to the correlation between appearance features

and action classes. Nonetheless, the current research in compositional action recognition is

primarily generic approaches using 2D geometric cues such as 2D instance bounding boxes.

The potential benefits offered by 3D geometric information remain an open problem.

Therefore, in this chapter, we take an alternative approach which exploits the com-

positionality of actions using 3D geometric information. To achieve that, we first extend the

two existing 3D annotated egocentric hand-object datasets, H2O (Kwon et al., 2021) and

FPHA (Garcia-Hernando et al., 2018), by introducing new compositional splits. We show

that the existing approaches (S. Yang et al., 2020; Wen et al., 2023; H. Fan et al., 2021;

Yanghao Li et al., 2022) still face significant challenges in recognising a seen action when

facing new objects. This is because the current methods (either single or dual branches) are

unable to tackle the problem of appearance bias in objects, as they have to take the combi-

nation of appearance and geometric information as a whole. In addition, these approaches

focus on extracting features for the whole scene and do not explicitly recognise objects as

individual entities. Hence, they cannot fully capture the compositionality of the action 1.
1We follow the same definition of action compositionality as defined in Materzynska et al. (2020).
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In this chapter, we present a new collaborative learning framework that allows an

action verb and object to interact and complement each other. The key motivation for

this strategy is that the tasks of estimating hand-object poses and recognising interactions

are naturally closely-correlated. Existing collaborative learning methods in understanding

hand-object interactions typically follow an iterative approach where the multiple target

learning tasks (i.e. hand pose estimation, object reconstruction or action recognition) boost

each other mutually and progressively. However, connecting branches iteratively can lead

to highly unstable training (demonstrated in Chapter 3). This is because gradients from

one branch can propagate through the connections to affect the other branches which causes

unstable gradients. We explicitly address this by a new transformer-based architectural de-

sign to exploit the compositionality of actions and avoid branch stacking. In addition, we

exploit to use superquadrics (Barr, 1981) as the intermediate 3D object representation. This

is motivated by the fact that existing action recognition methods have limitations in accu-

rately representing objects’ shape and movement with only 2D or 3D bounding boxes. But

at the same time, accurately reconstructing complete 3D objects without an object template

remains highly challenging, especially in scenarios involving unseen objects. Therefore, su-

perquadrics offer a compact representation with their ability to represent a wide range of

shapes with few parameters. In addition and more importantly, it allows models to interpret

objects with basic geometric primitives.

Our contributions in this chapter are fourfold: 1) We present an end-to-end trainable

collaborative learning framework to leverage 3D geometric information for compositional

action recognition from egocentric RGB videos. 2) We then show that using superquadrics

as the intermediate 3D object representation is beneficial for 3D hand pose estimation and

interaction recognition. 3) Further, we extend two egocentric hand-object datasets by in-

troducing new compositional splits and investigate compositional action recognition where

a subset of action verb and noun combinations do not exist during training. 4) Lastly, we
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demonstrate state-of-the-art performance on two common datasets, H2O (Kwon et al., 2021)

and FPHA (Garcia-Hernando et al., 2018), in both official and compositional settings.

5.1 Preliminary

Our work tackles the joint problem of 3D hand-object reconstruction and action recognition

from egocentric RGB videos. While a comprehensive review of the existing literature on

understanding hand-object interactions is covered in Sections 2.3 and 2.4, we introduce

compositional action recognition and superquadrics recovery in Sections 5.1.1 and 5.1.2,

respectively.

5.1.1 Compositional action recognition

This task is designed to alleviate the problem of appearance bias by disjointing the com-

bination of actions and objects between training and testing. STIN (Materzynska et al.,

2020) models actions as transformation of geometric relations in both spatial and temporal

domains using 2D instance bounding boxes. This approach generalises well to most actions

but fails when there are intrinsic state changes of objects. T. S. Kim et al. (2020) proposes

to fuse RGB information with instance bounding boxes to capture more complex actions. P.

Sun et al. (2021) removes the appearance effect by counterfactual debiasing inference. While

these methods have proven effective, they are primarily designed to leverage 2D geometric

information and do not fully explore the potential of 3D geometric cues. As a result, their

performance remains comparable to I3D (Carreira et al., 2017). In this work, we focus on

leveraging 3D geometric cues for compositional action recognition.
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5.1.2 Superquadrics recovery

Superquadric is a well-studied computational primitive shape abstraction, offering a diverse

range of shape representations including cuboids, ellipsoids, cylinders, octohedra, and other

variations. It was first proposed to model complex objects in computer graphics (Barr,

1981). Solina et al. (1990) presents a method for abstracting simple objects from range

images using a single superquadric. Subsequently, Leonardis et al. (1997) and Chevalier

et al. (2003) extend to recover more complex objects with multiple superquadrics. Recently,

W. Liu et al. (2022) proposes a probabilistic approach to improve robustness to outlier and

fitting accuracy.

5.2 Methodology

Our training pipeline, as shown in Figure 5.1, takes a sequence of T RGB frames I ∈

RT×256×256×3 of dynamic hands manipulating objects as input. We first obtain spatial fea-

tures x ∈ RT×d by passing each frame into a ResNet-18 (He et al., 2016) encoder where

d refers to feature dimensions. To enhance the interaction between visual and geometric

cues, we introduce a simple collaborative learning framework by leveraging the Transformer

encoder and decoder (Vaswani et al., 2017) as basic building blocks. Specifically, we design

a two-branch network where the appearance branch extracts video features from the entire

sequence in Section 5.2.1 and the geometric branch aims to recover 3D hand-object geomet-

ric information in Section 5.2.2. In addition, we explicitly model the compositionality of the

interaction by decomposing the action class into a verb-and-noun pair in Section 5.2.3. Fi-

nally, we combine video appearance and geometric representations for recognising egocentric

hand-object interactions in Section 5.2.4.
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Figure 5.1: Overview of our approach. Our framework takes RGB videos as input, which
are processed by a CNN backbone to produce per-frame spatial features x. The appearance
branch (bottom) applies positional encoding to x and combines it with a learnable token
Timg before feeding into a Transformer encoder. Similarly, the geometric branch (top) ex-
tracts geometric features Tgeo from flatten spatial features Fimg using a Transformer decoder.
The features from both branches are combined to predict superquadrics and object category.
In addition, the geometric features are aggregated through self-attentions in another Trans-
former encoder to create global context-aware features between object shape and hand poses.
The outputs of this Transformer encoder are aggregated geometric features xgeometric and verb
token features Tverb. These features are used to predict hand pose and action verb. Finally,
the action class is predicted by feeding xgeometric into a cross-attention mechanism with the
aggregated spatial representation xappearance through a Transformer decoder.

5.2.1 Appearance branch

Video feature encoder. Given image features x, we concatenate with a learnable to-

ken Timg ∈ Rd and apply positional encoding before feeding them into a Transformer en-

coder. The encoder models the relationships of different spatial regions and Timg through

self-attentions. The learnable token Timg captures essential global contexts from backbone

representation which are used for compositional reasoning in Section 5.2.3. In addition, the

encoder outputs aggregated spatial representation xappearance ∈ RT×d which is later used for

interaction recognition in Section 5.2.4.

Learnable attention mask. As the input sequence I is densely sampled, successive video
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frames can introduce redundancy to spatial features Fimg. This directly limits the length of

the input sequence as the computational requirement of the transformer encoder is propor-

tional to the number of input frames T . To address this problem and encourage the model to

attend across multiple video segments, we introduce a learnable attention maskM∈ RT×T

for the video feature encoder. We first apply the sigmoid function σ(·) onM to obtain con-

tinuous activation of range 0 to 1. We then regularise model training for long-range video

sequences by minimising:

Lmask(M) =
T∑
i=1

T∑
j=1

σ(Mi,j). (5.1)

5.2.2 Geometric branch

As estimating the poses of hand and object requires more local or nearby frames, we divide

the video sequence into N consecutive segments. Specifically, we follow Wen et al. (2023)

and use a shifting window strategy with window size t, i.e. N = T/t. The frames beyond

sequence length T are padded but masked out from attention computation.

Instead of aiming to reconstruct the hand and the manipulated object simultaneously,

we first estimate the shape and poses of the manipulated object and leverage this geometric

information to predict hand poses. The reason behind this approach is that joint estima-

tion poses a significantly harder problem. As discussed in Section 1.3, self-occlusion and

self-similarity between the joints of two hands are unique problems in interacting hands.

Moreover, when interacting with objects, hands and objects often exhibit even greater oc-

clusions. This problem is further amplified under egocentric view setting due to large degree

of erratic camera motions.

In addition, existing work which relies on 2D/3D bounding boxes has limitations in
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accurately representing the shape and movement of objects. However, at the same time, it

remains challenging to accurately reconstruct unseen objects from RGB images. Therefore,

we exploit superquadrics as a new object representation for improving action recognition.

In the following, we present the preliminaries of superquadrics and detail our two-stage

approach consisting superquadrics decoder and hand pose estimator.

Preliminaries. As shown in Figure 5.2, superquadrics are a family of geometric primitives,

i.e. cuboids, cylinders, ellipsoids, octahedra and their intermediates, which can be defined

by an implicit function f(·) (Barr, 1981):

f(p) =

((
x

ax

) 2
ϵ2

+

(
y

ay

) 2
ϵ2

) ϵ2
ϵ1

+

(
z

az

) 2
ϵ1

= 1, (5.2)

where points p = [x, y, z] ∈ R3 satisfying Equation 5.2 form the surface of a superquadric.

It can be encoded using 5 parameters: shape parameters ϵ1, ϵ2 ∈ [0, 2] ⊂ R and scale

parameters ax, ay, az ∈ R>0. While the shape parameters can exceed 2 and result in non-

convex shapes, we limit them within the convex region in this paper. We can now fully

parameterise a superquadric by including the Euclidean transformation g ∈ SE(3), i.e.

g = [R ∈ SO(3), t ∈ R3].

Superquadrics decoder. We use superquadrics θ to be the intermediate 3D object rep-

resentation, as it offers a compact way to represent a wide range of geometric primitives,

i.e. θ = {ϵ1, ϵ2, ax, ay, az, g} ∈ R11. As shown in Figure 5.3, superquadrics can provide

sufficient expressiveness to reasonably model a diverse range of everyday objects. To this

end, we extract geometric features Tgeo ∈ RN×d from the segmented spatial features using a

Transformer decoder. We train a fully-connected layer to predict θ from the flatten Tgeo by

minimising the L1 loss Lsuperquadrics.

Hand pose estimator. Given geometric features Tgeo, we concatenate with a learnable
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Figure 5.2: Qualitative examples of convex superquadrics. We show that superquadrics can
model diverse shapes by varying the shape parameters, ϵ1 (y-axis) and ϵ2 (x-axis).

verb token Tverb and use self-attention in a Transformer encoder to create global context-

aware features between object shape and hand poses. The Transformer encoder outputs

aggregated geometric features xgeometric ∈ RN×d and verb token features Tverb ∈ Rd.

We map the aggregated geometric features xgeometric to hand pose space by a 3-layer

MLP and use MANO joint angles (Romero et al., 2017) for hand pose representation. Specif-

ically, we estimate 16 3D joint angles under the hand kinematic tree and MANO hand shape

parameter per hand. Then, we can compute the 21 root-relative 3D joint locations of each

hand by using the predicted joint angles and hand shape parameters. They are learned by

minimising L1 loss Lhand.

5.2.3 Compositional reasoning

In the following, we describe how we leverage the compositional nature of actions by ex-

ploiting the action class as verb-noun pair with 3D geometric cues, i.e. superquadrics θ and
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Figure 5.3: Qualitative examples of superquadrics. We extract superquadrics from every-
day objects obtained from YCB (Calli et al., 2015), ShapeNet (A. X. Chang et al., 2015),
FPHA (Garcia-Hernando et al., 2018) and H2O (Kwon et al., 2021) datasets. We show that
superquadrics have sufficient expressiveness to represent everyday objects. We also present
an example failure case in the red box.
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geometric-aware verb token Tverb.

Object category predictor. We first predict the category of the manipulated object as

it corresponds to the noun of an action. To achieve that, we leverage the basic primitive

geometric information from superquadrics θ as object shape provides strong signals to esti-

mating object category. More specifically, we predict the classification probability vector for

object category by linearly projecting the concatenation of superquadrics θ and Timg. We

supervise this linear layer by minimising the cross-entropy loss Lnoun.

Verb predictor. Similarly, we predict action verb by feeding the concatenation of Tverb

and Timg to a linear layer. It is also trained by minimising the cross-entropy loss Lverb.

Discussion. The key idea for concatenating with Timg is to allow verb and noun of an action

to interact with the appearance branch. Also, it generates loss gradients for both branches

to develop a collaborative learning relationship. In addition, the motivation for estimating

superquadrics first in the geometric branch is based on the fact that the human visual system

flavours abstracting scenes into canonical parts for better perceptual understanding (W. Liu

et al., 2022). This enables robust action recognition using basic geometric primitives instead

of relying on accurate point-wise estimation. In summary, our design targets the problem of

recognising a seen action when facing new objects by enabling the network to capture the

compositionality of an action explicitly.

5.2.4 Interaction recognition

Besides explicitly modelling the compositionality of actions, our proposed framework can

easily combine with any video-level appearance representation. The impact of appearance

features can be two-fold: 1) The presence of appearance features can be particularly beneficial
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for action classes that lack prominent inter-object dynamics (Materzynska et al., 2020).

2) Conversely, appearance bias can inhibit the model learning ability by making strong

correlations on spatial appearance rather than temporal or geometric transformations (P.

Sun et al., 2021). To overcome the limitations of existing methods that can only accept

or reject appearance information as a whole, we use a Transformer decoder for recognising

interaction. This decoder takes the aggregated geometric and spatial features, i.e. xgeometric

and xappearance as input and extracts relevant image features through cross-attention between

geometric features. The vector output of this decoder is fed to a 3-layer MLP classifier of

width and is supervised with cross-entropy loss Laction. We investigate and analyse our design

choices in Section 5.3.

5.2.5 Training

Our final loss Lfinal is defined as:

Lfinal = Lmask + Lsuperquadrics + Lhand

+ Lnoun + Lverb + Laction.

(5.3)

5.3 Experiment

In this section, we first describe our implementation details in Section 5.3.1 and the datasets

in Section 5.3.2. We then describe the corresponding evaluation protocols in Sections 5.3.3

and 5.3.4. Finaly, we validate our approach numerically and qualitatively in Sections 5.3.5

and 5.3.6.
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5.3.1 Implementation details

We train all parts of our model simultaneously with the Adam optimiser (Kingma et al., 2015)

using an initial learning rate of 3× 10−5 and halve the learning rate in every 15 epochs. We

keep the relative weights between different losses and normalise them such that the sum of

all the weights equals to 1 for all experiments. We use ResNet (He et al., 2016) pre-trained

on ImageNet (Russakovsky et al., 2015) for our backbone. For all Transformer encoders and

decoders, we use 2 encoding/decoding layers where each layer has 8 attention heads. We use

the fixed sine/cosine functions for positional encoding and add layer normalisation before

the attention and feed-forward computations (Vaswani et al., 2017). We follow Wen et al.

(2023) by setting T = 128, t = 16, d = 512 and training for 45 epochs with batch size of 2.

5.3.2 Datasets

We conduct experiments on 3 interacting hand-object datasets and detail below.

ObMan (Hasson et al., 2019). We precomputed superquadrics for all object meshes

using the EMS algorithm (W. Liu et al., 2022) and pretrained the geometric branch on

ObMan before training on other real datasets. We observed consistent improvements over

training directly on real data as the number of objects in hand-object interaction dataset is

very limited.

First-person hand benchmark (FPHA) (Garcia-Hernando et al., 2018). We evalu-

ate on the action split where all subjects and actions are present in both training and testing.

This split consists of 600 and 575 videos for training and testing, respectively.

H2O (Kwon et al., 2021). We use the sequences of egocentric view for training and
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testing. Specifically, the training split consists of 569 videos from the first 3 subjects, while

the testing split includes 242 videos from the remaining unseen subjects.

5.3.3 Baselines

We compare our method against MViTv2 (Yanghao Li et al., 2022) and HTT (Wen et al.,

2023). MViTv2 is widely adopted for video recognition tasks and can serve as a strong

appearance-based baseline. We train the base variant of MViTv2 with weights pretrained on

Kinetics-400 dataset (Kay et al., 2017) using the PySlowFast library (H. Fan et al., 2020).

For the pose-based baseline, we consider HTT as it is a recent method that achieves state-

off-the-art performance on both FPHA (Garcia-Hernando et al., 2018) and H2O (Kwon

et al., 2021) datasets. We also consider two Transformer-based baselines (‘Ours w/o CR’

and ‘Our w/o SQ’) which do not contain compositional reasoning (CR) and superquadrics

(SQ), respectively. They are useful for understanding the importance of superquadrics and

compositional reasoning for recognising interactions with unseen objects.

5.3.4 Evaluation metrics

We report the MPVE in mm to evaluate pose estimation. MPVE measures the mean Eu-

clidean distances between predictions and ground-truths. We also report the top-1 classifi-

cation accuracy for action recognition.

5.3.5 Results

Hand and object pose estimations. We report quantitative comparisons with the state-

of-the-art methods on H2O and FPHA datasets in Table 5.1. H+O (Tekin et al., 2019)
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Table 5.1: Error rates of pose estimation on H2O (Kwon et al., 2021) and FPHA (Garcia-
Hernando et al., 2018). We report MPVE in mm for hand (left/right) and object error. Our
proposed method performs competitively without known object templates at inference.

H2O FPHA
Method Hand (left/right) ↓ Object ↓ Hand ↓ Object ↓

H+O (Tekin et al., 2019) 41.4/38.9 50.4 15.8 24.9
H2O (Kwon et al., 2021) 41.5/37.2 47.9 - -
HTT (Wen et al., 2023) 35.0/36.1 - 15.8 -
H2OTR (H. Cho et al., 2023) 24.4/25.8 45.2 15.0 21.0

Ours 28.9/30.2 43.5 13.6 20.1

Figure 5.4: Qualitative examples on FPHA (Garcia-Hernando et al., 2018).

is a single hand method so the results are reported separately. H2OTR (H. Cho et al.,

2023) is a Transformer-based framework which achieves state-of-the-art accuracy for hand

pose estimation. All of the compared methods require manual selection of object models

at test time. In contrast, our method performs competitively without known object tem-

plates and outperforms all methods on object pose estimation. We attribute this to the

fact that superquadrics can provide dense 3D geometric information about the manipulated

object, whereas 2D or 3D bounding boxes have limitations on representing object shape and

movement. We show qualitative results on FPHA and H2O datasets, in Figure 5.4 and 5.5

respectively.

Action recognition. We also report the top-1 classification accuracy for recognising egocen-

tric hand-object interactions in Table 5.2. We split the table into two sections: appearance-

based (X. Wang et al., 2018; Carreira et al., 2017; Feichtenhofer et al., 2019; Yanghao Li
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“grab milk” “open milk”

“place cocoa” “put in cocoa”

“place chips” “take out chips”

“grab cappuccino” “take out cappuccino”

Figure 5.5: Qualitative example on H2O. We show that our model can recover plausible
interaction across different object categories and hand-object configurations without object
templates.

et al., 2022) and geometric (Tekin et al., 2019; S. Yang et al., 2020; Kwon et al., 2021; Wen

et al., 2023; H. Cho et al., 2023) methods for clear comparison. S. Yang et al. (2020) is the

closest method to ours as it is a collaborative learning framework which allows appearance

and geometric cues to interact under a two-branch architecture. H2OTR (H. Cho et al., 2023)
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Table 5.2: Classification accuracy of action recognition on H2O (Kwon et al., 2021) and
FPHA (Garcia-Hernando et al., 2018). We show that adding compositional reasoning with
superquadrics allow us to outperform the current state-of-the-arts.

H2O FPHA
Method Top-1 accuracy (%) ↑ Top-1 accuracy (%) ↑

C2D (X. Wang et al., 2018) 70.66 -
I3D (Carreira et al., 2017) 75.21 -
SlowFast (Feichtenhofer et al., 2019) 77.69 -
MViTv2 (Yanghao Li et al., 2022) 90.08 98.45

H+O (Tekin et al., 2019) 68.88 82.43
Collab. (S. Yang et al., 2020) - 85.22
H2O (Kwon et al., 2021) 79.25 -
HTT (Wen et al., 2023) 86.36 94.09
H2OTR (H. Cho et al., 2023) 90.90 98.4

Ours w/o compositional reasoning 86.01 94.87
Ours w/o superquadric prediction 88.46 96.28
Ours 92.25 98.74

leverages the estimated contact map to guide interaction recognition. As shown in Table 5.2,

the appearance-based baseline MViTv2 performs competitively with the state-of-the-art ge-

ometric method H2OTR (H. Cho et al., 2023). It raises an immediate question as to when

3D geometric cues be beneficial to recognising interaction as collecting ground-truth contact

maps or other 3D annotations are non-trivial (Brahmbhatt et al., 2019; Tse et al., 2022b;

Kwon et al., 2021). We will address this question in the following paragraph. Nonetheless,

we demonstrate the effectiveness of explicit compositional reasoning with superquadrics by

outperforming all methods.

Compositional action recognition. We further evaluate our model on the compositional

recognition task in Tables 5.3 and 5.4. Following Materzynska et al. (2020), we first create

new splits for the task of compositional action recognition by extending existing egocentric

hand-object datasets. Specifically, we remove the sequences that contain the predefined
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object category from the train split, such that the combinations of a verb (action) and nouns

do not overlap in the testing set. To gain a deeper understanding of the model generalisation

ability on unseen objects, we evaluate the model using Nobj−fold cross validation where Nobj

refers to the number of total objects presented in the dataset. We keep the original testing

splits (named S0) to illustrate the difficulty of this compositional task. We further experiment

on a more challenging split where two object categories are randomly removed in the H2O

dataset. We name the base splits by S1 and the more difficult splits where additional verb-

nouns combinations are removed from training by S2. We report the mean and the standard

deviation of top-1 classification accuracy for all experiments.

As shown in Tables 5.3 and 5.4, our collaborative learning framework consistently

outperforms both the appearance and geometric baselines, i.e. MViTv2 (Yanghao Li et al.,

2022) and HTT (Wen et al., 2023). We find that the performance of MViTv2 drastically

drops by 29.44% and 37.76%, in S1 and S2 of H2O respectively. These results are in line with

previous studies (Materzynska et al., 2020; B. Zhou et al., 2018; P. Sun et al., 2021) where

deep architectures tend to overfit the object appearance. By adding geometric cues in HTT,

we observe a small performance gain by an average of 5.82% on both compositional splits. We

further evaluate hand pose estimation accuracy under this compositional setting. Similarly,

we report the mean and the standard deviation of MPVE in mm for all experiments. By

comparing with HTT, we achieve state-of-the-art performance in hand pose estimation with

the advantage of object reconstruction using superquadrics. Our strong performances across

all settings demonstrate the importance of explicit reasoning about interactions with 3D

geometric information.
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Table 5.3: Error rates of compositional action recognition H2O (Kwon et al., 2021). We
report classification accuracy in % and hand error in mm for the official split S0 and two
additional compositional split settings, S1 and S2. The results are reported as the mean
and standard deviation of the performance metric of interest, providing a comprehensive
understanding of the model’s performance across different split settings.

H2O

Method S0(%) ↑ Hand ↓ S1(%) ↑ Hand ↓ S2(%) ↑ Hand ↓

MViTv2 90.08 - 60.64±2.3 - 52.32±5.7 -
HTT 86.36 35.6 71.13±2.7 37.4±2.3 59.88±2.6 41.5±1.7

Ours 92.25 29.6 80.59±1.6 31.8±2.1 69.93±2.5 33.4±1.5

Table 5.4: Error rates of compositional action recognition FPHA (Garcia-Hernando et al.,
2018). We report classification accuracy in % and hand error in mm for the official split S0
and two additional compositional split settings, S1 and S2. The results are reported as the
mean and standard deviation of the performance metric of interest, providing a comprehen-
sive understanding of the model’s performance across different split settings.

FPHA

Method S0(%) ↑ Hand ↓ S1(%) ↑ Hand ↓

MViTv2 98.45 - 69.02±1.8 -
HTT 94.09 15.8 74.21±1.8 18.8±1.2

Ours 98.74 13.6 85.80±1.4 13.9±0.9

5.3.6 Ablation study

To motivate our design choices, we perform additional qualitative evaluation of our method

with various key components disabled in Table 5.5. We evaluate the effectiveness of our

collaborative learning framework by experimenting on a single appearance branch (row 1)

and a two-branch network without gradient flow (row 2), which yields the lowest performance

in H2O. Then, we observe significant performance drops by removing either one of the inter-

branch classifiers (row 3, 4). These results demonstrate the effectiveness of our collaborative

learning framework which encourages information sharing between two-branches. Further,
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we are interested in finding out whether incorporating the interaction decoder is important

as action class can be obtained by combining verb and noun predictions. We show that the

interaction decoder can bring performance gain for verb and noun classifiers by additional

supervision in row 5. Finally, we show that superquadric predictions can push the limit to

the new state-of-the-art in all metrics.

Table 5.5: Ablation study of model architecture design on H2O. We report top-1 classification
accuracy (%) and MPVE for hand error in mm. In addition to final action prediction, we
include classification predictions for verb and noun from compositional reasoning.

Method Verb(%) ↑ Noun(%) ↑ Top-1(%) ↑ Hand(mm) ↓

w/o geometric branch - - 78.91 -
w/o compositional reasoning - - 81.82 38.91
w/o verb classifier - 85.61 83.45 37.15
w/o noun classifier 86.24 - 83.96 37.62
w/o interaction decoder 88.07 90.04 - 32.67
w/o superquadrics 90.18 91.56 89.85 31.85

Ours 92.23 96.89 90.0 29.6

5.4 Summary

In this chapter, we showed that we could recognise actions performed on unseen objects

much more accurately than existing state-of-the-arts by explicitly leveraging 3D geometric

information. We also demonstrated that superquadrics as a new object representation for

action recognition to be effective. We validated our approach by extending existing datasets

with compositional splits and achieved state-of-the-art performance.

Our approach relies on the expressiveness of superquadrics. First, we found that

multi-superquadrics recovery is necessary to model more complex shapes, where preliminary

point cloud segmentation can be helpful. Second, it remains challenging to capture non-
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convex everyday objects such as cups, papers and clothes. Third, we found superquadrics

recovery relies on the quality of the object template. In addition, we present an example

failure case where a broken object model can heavily degrade the accuracy of superquadrics

recovery in Figure 5.6. As illustrated, we show that the problem can be resolved by uniformly

resampling the input object mesh.
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Input Top view Bottom view

Extracted superquadrics

Uniformly resampled Final superquadrics

Rotated view

Figure 5.6: Example failure case for superquadrics extraction. First row: We show input
target object and the rotated views with wireframe. The visualisation of wireframe shows
that the top and bottom of the input mesh is broken. Second row: We visualise the
extracted superquadrics in grey and sampled point clouds in red. As the sampled point
clouds are unable to capture the enclosed surface of the top and bottom, the estimated
superquadric fails to represent the input object accurately. Third row: To fix this problem,
we uniformly resample the input mesh such that it is watertight. We show that the resulting
superquadric estimation can well-represent the target object.
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Chapter Six

CONCLUSION

In this chapter, we summarise the contributions of this thesis in Section 6.1 and outline

several limitations and potential directions for future works in Sections 6.2 and 6.3.

6.1 Contributions

This thesis has focused on modelling hand-object interactions from RGB images. The main

contributions of our work are as follows:

• In Chapter 3, we presented a collaborative learning strategy to reconstruct hand and

object from singe view RGB images. We demonstrated that sharing geometric in-

formation across hand and object learning branches can tackle the problem of mutual

occlusion. We also designed a novel attention-guided graph convolution which can cap-

ture long-range dependencies from dynamic graph. As training such iterative learning

framework is highly unstable, we introduced an unsupervised associative loss to sta-

bilise the training and show that it can improve the feature transferring process. We

found that our model is able to achieve highly physically plausible results without
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contact loss terms.

• In Chapter 4, we proposed a novel Transformer-based framework that reconstructs two

high fidelity hands from multi-view RGB images. We showed that the fundamental

properties of the graph Laplacian from the spectral graph theory can be applied to

a Transformer architecture. We also introduced a multi-view feature fusion strategy

by leveraging soft-attention. To produce physically plausible hand reconstructions,

we proposed an optimisation-based strategy which does not require any form of pre-

computation and is more generalisable to other meshes as it is fully automatic.

• In Chapter 5, we extended our scope from reconstruction to action recognition. We

studied the problem of compositional action recognition and showed that our approach

is able to recognise actions performed on unseen objects much more accurately than

existing state-of-the-arts by explicitly leveraging 3D geometric information. We also

demonstrated that superquadric is an effective object representation for interaction

recognition.

6.2 Limitations

We outline three major limitations of our approaches in the following.

Object topology. Our object reconstruction quality presented in Chapter 3 heavily relies

on AtlasNet (Groueix et al., 2018). However, this architecture has a limitation: it is restricted

to genus 0 topology, meaning that it can only handle sphere-like objects. Consequently, it

can only reconstruct water-tight objects and unable to tackle objects with more complex

topologies. Everyday objects like cups with handles or plates with significant curvature fall

outside its reconstruction capabilities.
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Reliance on training datasets. Our work presented in Chapters 3 and 4 was enabled by

densely annotated datasets. Although these datasets allow different approaches to bench-

mark against, model trained on these dataset do not show generalisation ability to unseen

problem settings or domains. This is because they are trained to regress instance-specific

objects and prone to overfit to training data. As a result, our models can not explicitly

tackle unseen object stances and do not exhibit cross-domain generalisation.

Superquadrics recovery. Our approach in Chapter 5 relies on the expressiveness of su-

perquadrics. While single superquadric can well-represent objects within existing datasets,

it remains challenging to capture non-convex everyday objects such as papers and clothings.

Therefore, multi-superquadrics is necessary to model objects with more complexities. How-

ever, superquadrics recovery at this point still requires a significant amount of manual effort

and it requires high quality object CAD models which is non-trivial in practice.

6.3 Future work

Despite the limitations described above, we believe our work has demonstrated promising

results, and opened avenues for future research.

From modeling to understanding and reasoning. This thesis has focused on recon-

struction of hands and objects without reasoning about the semantic meaning of human

motions. We believe future works could investigate the problem of human (hand) pose esti-

mation by embedding contextual information. This can be achieved by leveraging the power

of large, pre-trained and multi-modal language models (LLM). Some progress has already

been demonstrated by fine-tuning LLM to produce 3D poses or descriptions of poses from lan-

guage queries (Y. Feng et al., 2023). The key difference between existing approaches is that
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LLM embeds the world knowledge about the visual scenes and it can reason about human

poses and motions. This allows for the development of more robust models to tackle con-

ventional challenges, such as occlusion, which traditionally required large training datasets

for effective solutions. In addition, it opens up research on human behaviour understand-

ing beyond the traditional action recognition settings by investigating contextualised human

activity. By the integration of visual information, language and 3D poses, we believe by

developing multi-model models that are capable of leveraging highly diverse data can estab-

lish strong connection between human pose and the surrounding physical environment which

offers a new path towards computers/agents that can perceive and understand humans.

Towards in-the-wild generalisation. Future research could focus on increasing the di-

versity and quantity of annotated hand-object interaction datasets to enhance generalisation

ability. This can be achieved by improving the ease and speed of annotation for outside of

laboratory settings, such as web images. Additionally, developing models that can learn

from noisy annotations would alleviate the need for highly accurate dataset annotation and

increase robustness to challenging viewing conditions and interactions. By exploring these

avenues, we believe the field of hand-object interaction modeling can be advanced, allowing

models to better perceive and understand real-world scenarios.

Hand-object contact modelling. Another promising future work direction would be to

accurately estimate contact points during dynamic grasps and incorporate them as addi-

tional constraints within the pose annotation framework. Annotating hand-object contact

points is crucial for robot interactions, especially for object-pick-up tasks and human-robot

object handover tasks. Furthermore, an interesting application related to contact modeling

is the modeling of object affordances. Learning affordances from diverse demonstrations has

the potential to improve object manipulation planning. By representing affordances as 3D

motions or trajectories, one can directly apply them to simulated environments. This ap-
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proach enables efficient retargeting of affordances, enhancing the capabilities of the system

in handling various objects and tasks.
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