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Abstract

Skeleton-based human motion modelling has been a long-standing challenge and
continues to attract strong academic and industrial interest. Human motions ex-
hibit substantial diversity arising from inter-class variation (e.g., differences in action
semantics and dynamics) and intra-class variation (e.g., differences in spatial extent
and temporal pace). These complementary factors are deeply entangled, and con-
ventional approaches struggle with limited capacity and mode coverage when trying
to model human motions. This thesis aims to investigate human motion modelling
problems within a unified generative framework through the lens of inter-class and
intra-class variations. To examine this perspective in practice, the thesis considers
three representative tasks: styled motion generation, adversarial motion generation,
and multi-character interaction generation.

Styled motion generation aims to synthesizes different motion contents under di-
verse styles where contents are treated as inter-class features and styles are treated
as intra-class features to account for the variations of human motions. In this the-
sis, the term style is employed in a motion-specific context. Motion styles denote
attributes that yield systematic variations in the execution of an action, despite the
underlying action class remaining the same. For instance, emotional states or age-
related characteristics can introduce distinct spatial and temporal nuances in the
performance of an otherwise identical action. This motion-centric definition differ-
entiates our use of style from its broader interpretations in other disciplines, such as
visual aesthetics or linguistic expression. Within this formulation, content represents
inter-class semantics and dynamics, whereas style encapsulates fine-grained intra-
class variations. Previous methods cannot generate styled motions in an end-to-end
manner, either requiring to specify contents and/or styles to reduce the demand
of jointly modelling inter-class and intra-class variations. To facilitate the end-to-
end styled motion generation, a denoising diffusion probabilistic model is proposed
where action classes are recognised as contents and action executions are recognised
as styles. Different contents and styles are modelled jointly in the same diffusion la-
tent space. This results in an integrated, end-to-end trained pipeline that facilitates
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the generation of stylized motion.

Adversarial motion generation aims to synthesize motions to mislead a system
by treating high-level action semantics as inter-class features and low-level execution
details as intra-class features. In terms of human motions, a classical scenario is to
mislead action recognition systems for their wide applications. A diffusion model
is proposed for the generation of adversarial human motions against human action
recognition. The variations modelled by the diffusion model facilitates to generate
adversarial motions to reveal the adversarial robustness of human action recognition.
The diffusion model generates the adversarial motions from the stochastic diffusion
latent space and the distributional knowledge captured by the diffusion model.

Multi-character interaction generation aims to synthesize interactions of a large
number of characters, treating high-level interaction semantics as inter-class vari-
ations and coordination as intra-class variations under the context of interactions.
Different from previous interaction modelling approaches that mainly focus on two
characters, the coordination between multiple characters is recognised as an unique
intra-class variation in the context of multi-character interactions, allowing charac-
ters to change the interaction partners. A conditional diffusion model is proposed
with reinforcement learning as a framework for the generation of multi-character in-
teractions without any multi-character dataset. The framework comprising a coor-
dinatable multi-character interaction space for interaction synthesis and a transition
planning network for coordination. The two component advances the modelling of
inter-class and intra-class variations for multi-character interactions, facilitating the
generation of realistic, dynamic interactions among multiple characters.

By respectively integrating diffusion models for modelling inter-class and intra-
class variations of human skeletal motions through stylized motions, adversarial
motions, and interactive motions, this thesis demonstrates significant improvements
in unleashing the potential of generative diffusion models in human motion mod-
elling. The demonstrated results hold promising potential for further applications
in diverse human-centric motion-based artificial intelligence such as behaviour di-
agnostics, physical rehabilitation, and responsible systems. Most of the works have
been recognized in peer-reviewed conferences, underscoring their impacts and con-
tributions to the field.
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CHAPTER 1

Introduction

Human motions simultaneously exhibit inter-class and intra-class variations. Fig.|1.1
presents the t-SNE visualisation of human motions to illustrate the existence of
inter-class and intra-class variations, where colours indicate different contents and
marker shapes represent different styles. For instance, running and jumping differ
fundamentally in their temporal dynamics and functional semantics, exemplifying
inter-class variation. In contrast, within each action cluster, execution details may
vary. For example, when individuals of different ages are instructed to perform the
same jumping action, their motions can diverge in aspects such as maximum height
and jumping distance, as illustrated in Fig. [1.1] These differences demonstrate
intra-class variation within a single action class.

Inter-class and intra-class variations jointly contribute to the substantial diversity
observed in human motion, yet they arise from fundamentally different sources and
manifest at different structural levels. Overall, inter-class variation defines “what”
action is being done, while intra-class variation defines “how” it’s done. Inter-class
variation refers to differences across distinct action categories such as running and
jumping, each characterised by unique temporal dynamics, spatial patterns, and

functional semantics [1-3]. These differences are usually driven by the global goal



Figure 1.1: Inter-class and intra-class variations in human motion by tSNE and
corresponding examples. Inter-class variations are illustrated by different action cat-
egories (e.g., running vs. jumping), while intra-class variation is shown by different
executions of the same action (blue vs. red). For tSNE, different colors represent
different contents and different shapes represent different styles. For motion exam-
ples, colour saturation increases with time, i.e., higher colour saturation indicates
poses that occur later in time within the sequence.

or high-level planning of a person.

In contrast, intra-class variation captures the diversity that exists within a single
action category. Even when performing the same action, individuals can exhibit con-
siderable variability due to factors such as emotional state, age, cultural background,
or environmental context . For example, two persons may both perform a “run-
ning”, yet differ markedly in stride length, speed, or rhythm. These variations occur
at a finer granularity and tend to influence the details of execution. While intra-class
variations do not influence the overall semantics, e.g., running either fast or slow
is perceived as running, such intra-class variation reflects meaningful behavioural
subtleties such as emotions.

While significant efforts have been denoted to for modelling human motions, the
substantial diversity arising from inter-class and intra-class variations continue to
pose significant challenges for conventional frameworks. For instance, traditional
approaches typically rely on pre-defined rules and a searching strategy to uti-
lize pre-collected motion databases, leading to limited generalization and demanding
considerable manual efforts ﬂgﬂ Deep generative models have therefore been intro-

duced to learn motion distributions. For example, variational autoencoders
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and generative adversarial networks [11] have been widely applied to model human
motions. However, these approaches often exhibit limited capacity and poor mode
coverage, and thus they struggle to model inter-class and intra-class variations [12],
demonstrating ambiguous patterns [13]. [14,/15] highlights the high variations with
multiple modes existing in human motions to be challenging. Furthermore, [16,/17]
have shown that diffusion models are learning better for multi-modal data distri-
butions, and [18,|19] show that diffusion models have better generalization ability
when compared with existing generative models.

To overcome these challenges, diffusion models have recently emerged as a pow-
erful class of generative models and have demonstrated remarkable success in visual
analysis across various domains such as generation [20}21], understanding [22,23],
and control [24,25]. Many existing generative approaches for human motion syn-
thesis, including those based on variational autoencoders, generative adversarial
networks, and graph neural networks that operate on skeletal joint structures, typ-
ically generate a full motion sequence through a single-step mapping from a latent
representation to the output. In this context, a “step” refers to a single pass through
a decoder, which may itself be composed of multiple layers, such as stacked graph
attention layers or a combination of graph convolutional layers and multilayer per-
ceptrons. Despite this internal architectural complexity, generating a sample via one
invocation of the decoder is generally referred to as single-step modelling. While
effective in many settings, such single-step formulations can make it challenging to
capture the highly non-linear dynamics of human motion. In contrast, diffusion
models adopt a multi-step generation process, in which a shared denoising network
(i.e., the decoder) is applied repeatedly across a large number of timesteps to pro-
gressively refine a motion sample from noise. As a result, diffusion models obtain
a sample through multiple decoder passes, whereas GANs and VAEs typically pro-
duce a sample through a single decoder pass. This fundamental difference enables
diffusion models to better represent complex, multi-modal distributions and to cap-
ture highly non-linear structures in human motion [26,27]. This thesis therefore
investigates diffusion models for modelling skeletal human motion from the perspec-

tive of inter-class and intra-class variations, offering methods and insights toward
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automated human motion generation.

1.1 Motivation

The motivation of this thesis arises from the fundamental challenges and practi-
cal importance of modelling skeletal human motion. Human movements exhibit
substantial variability stemming from both inter-class differences between action
categories and intra-class differences in how individuals execute the same action.
Capturing this diversity is essential for applications ranging from animation and
virtual human creation to biomechanics, robotics, and behaviour understanding.
However, obtaining motion data is often costly and time-consuming, making data-
driven generative modelling a highly attractive research direction.

From a modelling perspective, the intertwined nature of inter-class and intra-
class variation poses a significant challenge for conventional generative frameworks.
Many existing models struggle either to preserve high-level semantic distinctions
or to reproduce fine-grained execution details, often resulting in over-smoothed or
mode-collapsed motions. These limitations highlight a gap between the expressive
complexity of human motion and the representational capacity of current methods,
motivating the exploration of more expressive generative frameworks.

Diffusion models offer a promising opportunity in this respect. Their iterative
denoising mechanism enables multi-step refinement of structure, providing strong
mode coverage and stable training behaviour—properties that are particularly well
suited to modelling diverse human motions. This thesis is therefore motivated by the
potential of diffusion models to address the limitations of prior generative approaches
and by the need to understand how such models can be adapted to capture the
complex interplay between motion semantics and execution details across different

synthesis tasks.

1.1.1 Motivation for Skeletal Human Motions

In this thesis, we adopt 3D skeletal representations to focus the modelling process

on the intrinsic geometry and dynamics of human movement. Human motion can be
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represented through multiple modalities, including RGB video [28-30], depth image
sequences [31,32], and 3D skeleton sequences [33-36]. While all modalities have
demonstrated strong performance in recognition and synthesis tasks, skeletal data
provide a compact, topologically structured representation of the body—capturing
joints, bones, and their kinematic relationships—without appearance-related factors
such as clothing, textures, or illumination.

This abstraction offers several advantages. RGB and depth pipelines can be
sensitive to changes in viewpoint, scale, or motion speed [37,38], and may uninten-
tionally exploit shortcut cues from backgrounds or objects rather than the motion
itself. In contrast, skeleton-based representations minimise these sources of vari-
ability and align more directly with the semantics of movement [39,40], allowing
models to concentrate on learning the structural and dynamic aspects of human
motion rather than appearance. As a result, skeletons serve as an effective and

robust modality for analysing and generating diverse human motions.

1.1.2 Motivation for Human Motion Generation

Human motion is complex, arising from a multifaceted interplay between cognitive
goals, sensorimotor control, biomechanical constraints, and environmental context.
Rather than being determined solely by intentions or external stimuli, motor ex-
ecution involves the continuous integration of perceptual feedback, internal state
estimation, and multi-level coordination within the motor system [41,42]. As a
behavioural and communicative medium, human motion has therefore attracted
increasing attention across computer vision [35,43|, computer graphics [44,45], mul-
timedia [46,47], robotics [48,49], and human-computer interaction [50,51]. Realistic
and diverse motion is foundational for a broad range of applications, including film
production, video games, AR/VR systems, human-robot interaction, and the devel-
opment of digital humans [1]. Beyond creative applications such as animation and
VR/AR, motions also play an important role in domains such as sports performance
monitoring, clinical gait assessment, and behaviour analysis in surveillance settings.
In such contexts, models of typical human motion can support downstream systems
that identify unusual patterns or behaviours.
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Building on the importance of human motions, the acquisition of 3D human mo-
tions is a fundamental step of 3D animation and analysis. However, obtaining such
assets is usually beyond the means of the average user and is resource-intensive.
Capturing real performances requires specialised equipment, e.g., motion capture
systems where multiple cameras are deployed for capturing real-world motions per-
formed by actors. Alternatively, motions can also be manually crafted, but it also
demands the expertise in keyframing animation and physical simulation. In terms of
these challenges, we seek to develop generative methods that facilitate the generation
of smooth and diverse 3D human motions.

Generative methods learn the underlying distribution of motion sequences and
enable sampling and conditional synthesis, offering broad coverage of inter- and
intra-class variability for downstream systems [1,/10,11]. While discriminative mod-
els for recognition and understanding excel at labelling or segmenting observed mo-
tion, yet they do not model the full sequence distribution and thus cannot natively

produce novel samples or capture multi-modal futures [39,40].

1.1.3 Motivation for Diffusion Models in Human Motion

Generation

Generating human motion remains a challenging problem despite substantial progress
in prior work [9,|46/52]. Existing approaches often exhibit artifacts, oversmoothing,
or ambiguous dynamical patterns |13], reflecting the difficulty of modelling the rich
variability inherent in human movement. This challenge arises from the multi-modal
nature of both inter-class and intra-class variations [2}14].

Many traditional deep generative models struggle with this requirement. Al-
though VAEs [10], GANs [11], and related architectures have achieved strong results
across domains, their reliance on single-step mappings or restrictive latent priors can
limit expressiveness and mode coverage [20]. These limitations make it challenging
to represent the full range of human motion variability, where both high-level dy-
namics and low-level execution nuances need to be preserved.

Diffusion models have emerged as a compelling alternative because their iterative

refinement process is particularly well aligned with the multi-scale nature of human
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motion. Instead of producing a sequence in a single step, diffusion models generate
motion through a progression of noise-conditioned denoising operations [53]. Each
timestep updates the sample using a shared denoising network, allowing coarse mo-
tion structure to be shaped at early timesteps and fine-grained stylistic details to be
added later. This multi-step formulation naturally mirrors the hierarchical structure
of human movement and provides an effective mechanism for covering a broad range
of inter- and intra-class motion variations.

Moreover, diffusion training is stable and does not rely on adversarial optimi-
sation, reducing mode collapse and encouraging comprehensive distribution cover-
age [20,54]. These properties make diffusion models particularly suitable for motion
planning, where capturing coherent temporal evolution, respecting kinematic con-
straints, and representing multiple plausible future trajectories are critical require-
ments.

However, diffusion models also introduce practical challenges. The iterative sam-
pling process can be computationally expensive [55], often requiring hundreds of de-
noising steps, which increases inference time compared with single-step generative
models. This creates an inherent trade-off between motion quality and sampling
speed [27], especially in real-time or interactive applications. Recent work on accel-
erated samplers and model distillation offers promising directions [56-58], but the
quality—speed balance remains an important consideration when adopting diffusion
models for human motion generation.

Overall, these factors, such as multi-step refinement capability, stable training,
improved mode coverage, and alignment with the hierarchical structure of human
motion, motivate the exploration of diffusion models in this thesis, while acknowl-

edging the computational costs that accompany their advantages.

1.2 Problem Definitions

Human motion exhibits substantial variability arising from differences across action
categories, referred to as inter-class variation, and differences in how a given ac-

tion is executed, referred to as intra-class variation. These two forms of variation



are inherently entangled in real-world motion data and jointly determine the rich-
ness, diversity, and ambiguity of human movement. Formally characterising and
exploiting these variations is a central problem in human motion modelling.

Let a motion sequence be denoted as x € X, where X is the space of all valid
human motions. Each motion x € RT*/*P is expressed as a sequence of skeletons
where T is the length of a sequence, J the number of joints, and D the dimen-
sions of features containing positions and/or rotations. Each motion x is associated
with a high-level semantic annotation ¢ € C, representing the inter-class variations
such as action category or interaction type, and a latent execution variable s € S,
representing intra-class variations such as style, tempo, coordination, or expressive-
ness. Under this formulation, a motion sequence is assumed to be generated from

an underlying joint distribution

p(X, 073) = p(X | c, S)p(S) p(C), (1'1)

where ¢ captures inter-class variation and s captures intra-class variation. The
conditional distribution p(x | ¢, s) defines how semantic content and execution char-
acteristics jointly determine the realised motion.

A core challenge in human motion modelling is to learn a generative model py(x)
or pp(x | ¢) that can faithfully represent and manipulate both types of variation.

This challenge can be decomposed into two complementary problem settings.

Problem I: Direct Modelling of Inter-Class and Intra-Class Variations.
The objective in this setting is to learn a unified latent representation (¢, §) from data
such that inter-class and intra-class variations are explicitly disentangled. Given a

dataset D = {x;, c;, 5, }I¥,, the goal is to learn a mapping

X > (2Z¢,2s), (1.2)



where z, € Z. encodes inter-class semantics and z, € Z, encodes intra-class execu-

tion characteristics. The generative process is then defined as

x = G(2c, 2Zs), (1.3)

with the requirement that z. and z, are statistically disentangled and independently
controllable. The main difficulty lies in learning such a factorised latent space in
the absence of paired samples that explicitly annotate intra-class variation, while

ensuring that variations in z, do not induce semantic drift in z..

Problem II: Exploiting Intra-Class Variations under Inter-Class Con-
straints. In this setting, inter-class semantics are treated as fixed constraints,
and intra-class variation is exploited as a controllable degree of freedom to achieve
task-specific objectives. Given a conditioning variable ¢ and an initial motion

xg ~ p(x | ¢), the goal is to generate a modified motion X such that

K~px|c), %4 (1.4)
while satisfying additional constraints IC(X), such as adversarial objectives and coor-

dination requirements. The generated motion need to preserve inter-class semantics,

C(x) = C(x), (1.5)

where C(-) denotes a semantic classifier or semantic consistency measure, while
allowing variations within the intra-class space.

The principal challenge in this formulation is to generate meaningful intra-class
variations that satisfy task constraints without violating semantic identity. Un-
like direct modelling approaches, which aim to explicitly disentangle latent factors,
this setting requires implicit control mechanisms that operate within the intra-class

manifold induced by fixed inter-class semantics.



1.3 Research Aims and Objectives

Grounded in the problem formulation presented in Section [I.2] this thesis aims to
systematically investigate how inter-class and intra-class variations in human motion
can be modelled, disentangled, and exploited within a unified generative framework.

The objectives of this research are defined as follows.

Objective 1: Modelling Inter-Class and Intra-Class Variations Directly.
The first objective is to study whether a single generative model can simultaneously
represent both inter-class semantics and intra-class executive variations of human
motion. This objective is evaluated by assessing the model’s ability to generate
diverse motions across different action categories while preserving meaningful vari-
ability within each category. Success is measured through both quantitative metrics

like FID and qualitative evaluation like user study.

Objective 2: Disentanglement and Exploitation of Motion Variations.
The second objective is to examine whether intra-class variations can be exploited
as a degree of freedom within the constraint of inter-class semantics. This objec-
tive is assessed by testing whether changes in intra-class factors alter execution
details without inducing semantic drift and artifacts that perceivable by humans.
This objective is evaluated by assessing the model’s ability to generate impercep-
tible variations against classifiers for recognizing inter-class semantics and humans.
Success is measured through both quantitative metrics like recognition accuracy of

classifiers and qualitative evaluation like user study.

Objective 3: Disentanglement and Exploitation of Interaction Variations.
The third objective is to further investigate how intra-class variation can be ex-
ploited as a degree of freedom when interactions are considered. This objective is
evaluated through tasks that require interaction semantic preservation under addi-
tional constraints such as multi-character social distance. Performance is measured
by semantic consistency, perceptual plausibility, and task-specific criteria such as

coordination quality. Success is measured through both quantitative metrics like
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smoothness and qualitative evaluation like user study.

1.4 Contributions

The main contributions of this thesis are summarized as follows:

e We propose a diffusion-based method to directly model inter-class and intra-
class variations of human motions, facilitating end-to-end styled motion gen-
eration. It is the first end-to-end framework to generate styled human motions
facilitated by diffusion models. Local and global guidances have been proposed
in a multi-task architecture for modelling the diverse distribution of human

IMOLIONS ...t Chapter

e We propose a diffusion-based method to exploit intra-class variations of hu-
man motions without altering inter-class semantics, facilitating imperceptible
adversarial motion generation. The stochastic diffusion latent space has been
leveraged to exploit intra-class variations and the distributional knowledge
learned from pre-trained diffusion models promote the consistency of inter-

class features. . ... . Chapter [5

e We propose a diffusion-based method to exploit intra-class variations in the
context of human interactions without changing interaction semantics, facil-
itating scalable multi-character interaction generation. The temporal intra-
class variations are explicitly modelled by a transition planning policy network
and reinforcement learning is utilized to avoid the dependence on large-scale

multi-character dataset. ........... ... Chapter []

1.5 Publications

The research related to this thesis has been previously published in the following

peer-reviewed publications that have been grouped by chapters:

e Chapter [3}

11



— Ziyi Chang, George A. Koulieris, Hyung Jin Chang, and Hubert P. H.
Shum. ”On the Design Fundamentals of Diffusion Models: A Survey.” In
Pattern Recognition, pp. 111934, Elsevier, 2025.

e Chapter [

— Ziyi Chang, Edmund J. C. Findlay, Haozheng Zhang and Hubert P.
H. Shum, ”Unifying Human Motion Synthesis and Style Transfer with
Denoising Diffusion Probabilistic Models,” in GRAPP ’23: Proceedings
of the 2023 International Conference on Computer Graphics Theory and
Applications, pp. 64-74, Lisbon, Portugal, SciTePress, Feb 2023.

— Edmund J. C. Findlay, Haozheng Zhang, Ziyi Chang and Hubert P.
H. Shum, ”Denoising Diffusion Probabilistic Models for Styled Walking
Synthesis,” in MIG ’22: Proceedings of the 2022 ACM SIGGRAPH Con-
ference on Motion, Interaction and Games, Guanajuato, Mexico, ACM,

2022.
e Chapter [B}

— Ziyi Chang, Kanglei Zhou, Xiaohui Liang, Hubert P. H. Shum, “Quality-
Preserving Imperceptible Adversarial Attack on Skeleton-based Human
Action Recognition,” under revision of IEEE Transactions on Circuits

and Systems for Video Technology.

— Zhengzhi Lu, He Wang, Ziyi Chang, Guoan Yang and Hubert P. H.
Shum, ”"Hard No-Box Adversarial Attack on Skeleton-Based Human Ac-
tion Recognition with Skeleton-Motion-Informed Gradient,” in ICC'V "23:
Proceedings of the 2023 IEEE/CVF International Conference on Com-
puter Vision, pp. 4574-4583, Paris, France, IEEE/CVF, Oct 2023.

e Chapter [6}

— Ziyi Chang, He Wang, George A. Koulieris, and Hubert P. H. Shum.
" Large-Scale Multi-Character Interaction Synthesis,” in SIGGRAPH’25:
Proceedings of the 2025 ACM SIGGRAPH, Vancouver, Canada, ACM,

Aug 2025. https://doi.org/10.1145/3721238.3730750
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In addition to the listed publications above, there are other peer-reviewed pub-

lications that have not been included in this thesis:

e Ziyi Chang, George Alex Koulieris and Hubert P. H. Shum, ”3D Reconstruc-
tion of Sculptures from Single Images via Unsupervised Domain Adaptation
on Implicit Models,” in VRST ’22: Proceedings of the 2022 ACM Symposium
on Virtual Reality Software and Technology, pp. 1-10, Tsukuba, Japan, ACM,
Nov 2022.

e Xiaotang Zhang, Ziyi Chang, Qianhui Men and Hubert P. H. Shum, ”Mo-
tion In-Betweening for two densely interacting Characters,” In SIGGRAPH
Asia’25: Proceedings of the 2025 ACM SIGGRAPH Aisa, ACM, 2025.

e Xiaotang Zhang, Ziyi Chang, Qianhui Men and Hubert P. H. Shum, ”Real-
time and Controllable Reactive Motion Synthesis via Intention Guidance,” In

Computer Graphics Forum, vol. 44, no. 6, pp. 70222, Wiley, 2025.

e Xiaotang Zhang, Ziyi Chang, Qianhui Men and Hubert P. H. Shum, ” Physics-
Based Motion Tracking of Contact-Rich Interacting Characters,” In Computer
Graphics Forum, Wiley, 2026.

1.6 Thesis Structure

This thesis is organized to systematically explore and present obtained advances
in modelling skeleton-based human motions through the integration of diffusion
models. Chapters are structured to guide the reader through motivations, literature
review, methodologies, and findings of the research in a coherent and logical manner.

Chapter [1} This introductory chapter sets the stage by discussing the moti-
vations behind the thesis. It highlights the limitations of traditional human mo-
tion modelling methods, the incapability of previous generative models in modelling
inter-class and intra-class variations, and the necessity for integrating diffusion mod-
els to cover the significant diversity of human motions. This chapter outlines the

primary aim of this thesis and divides into in three objectives where three representa-
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tive tasks are considered, namely the generation of stylized motions, the generation
of adversarial motions, and the generation of multi-character interactions.

Chapter [2} This literature review chapter evaluates existing methodologies in
two perspectives. First, previous studies on human motion modelling are reviewed in
terms of modelling single character and interactions. Then, previous studies on inter-
class and intra-class variations on human motions are reviewed. It comprehensively
examines previous works and establishes a foundation for the novelty of this thesis.

Chapter [3} This chapter introduces preliminaries of diffusion models, which
have been served as the main methodology throughout this thesis. It provides
fundamental knowledge of diffusion models for readers who are not familiar with
this generative model.

Chapter |4} This chapter introduces a denoising diffusion probabilistic model for
the generation of stylized human motion. As diffusion models have a high capacity
brought by the injection of stochasticity, the intra-class style features is modelled
jointly with the inter-class content features in the same diffusion latent space. This
results in an integrated, end-to-end trained pipeline that facilitates the generation of
stylized motion and advances our understanding of the joint content-style coupled
latent space. By designing a multi-task architecture that strategically generates
aspects of human motions for local guidance and adversarial and physical regulations
for global guidance, both style and content features in human motions are captured
and reused for the generation of stylized human motions.

Chapter [5; This chapter introduces a diffusion model for the generation of ad-
versarial human motions. Modelling and understanding the inter-class action seman-
tics and the intra-class detailed execution facilitate to generate adversarial motions
to reveal the adversarial robustness of human action recognition. The introduced
diffusion model generates the adversarial motions from the stochastic diffusion latent
space and the distributional knowledge captured by the diffusion model.

Chapter [6} This chapter introduces a conditional diffusion model with rein-
forcement learning as a framework for the generation of multi-character interactions
without any multi-character interaction dataset. The framework comprising a coor-

dinatable multi-character interaction space for interaction synthesis to account for

14



inter-class features and a transition planning network for coordination to account
for intra-class features under the context of interactions. The two component ad-
vances the modelling and understanding of interaction variations, facilitating the
generation of realistic, dynamic interactions among multiple characters.

Chapter [7} The concluding chapter summarizes advancements in the design of
diffusion models for the generation of stylized human motions, the development of
the generation of adversarial human motions, and the generation of multi-character
interactions, through diffusion models. Additionally, it outlines potential directions
for future research, focusing on multi-character interaction modelling, data efficiency
with prior knowledge, adversarially robust human motion modelling, and human
perception-aligned evaluation metrics.

In summary, this structure is designed to offer a clear understanding of the
research conducted, providing the reader with insights into how inter-class and intra-
class variations of human motions are modelled through the integration of diffusion

models.
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CHAPTER 2

Literature Review

2.1 Human Motion Modelling

This chapter presents an overview of character animation, i.e., human motion mod-
elling, and is organised into two complementary categories: single-character motion
modelling (Section and multi-character interaction modelling (Section [2.1.2)).
The former focuses on synthesising the motion of an individual character, whereas
the latter addresses more complex scenarios involving interactions, such as synchro-

nisation between multiple characters.

2.1.1 Single-Character Motion Modelling

The field of single-character motion modelling is concerned with generating realis-
tic movement sequences for an individual character. This problem presents distinct
challenges arising from the high diversity of actions and the intricate, subtle dynam-

ics of human behaviour [1].
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Traditional Rule-based Approaches

Single-character motion modelling has attracted considerable interest well before
the advent of deep learning. Early approaches predominantly rely on rule-based
frameworks coupled with dedicated, pre-collected motion databases. These meth-
ods typically offer strong interpretability and integrate expert domain knowledge to
capture the temporal dynamics of single-character motion. Motion graphs [59,60]
represent a foundational paradigm among traditional rule-based approaches. In
this framework, each pose, corresponding to a single frame of motion, is modelled
as a node in a graph, while feasible temporal concatenations between poses are
represented as edges. The construction of a motion graph requires a pre-collected
database of single-character motion sequences, with edges commonly defined based
on pose similarity and local continuity to ensure smooth transitions between con-
secutive frames [61]. Novel motion sequences are then synthesised by traversing the
graph [62], for example via random walks or constraint-guided path searches, and
concatenating the poses associated with the visited nodes.

A notable extension of motion graphs is motion matching [63], which was orig-
inally introduced as a greedy approximation to overcome limitations of traditional
motion graph methods [64,65]. Motion graphs often incur substantial complexity
in graph construction and maintenance, particularly when the underlying database
requires updates. By contrast, motion matching avoids explicitly constructing a
complex graph from large, unstructured motion capture datasets. Instead, it re-
lies on a pre-defined feature representation and efficient nearest-neighbour search to
select pose transitions, thereby achieving higher computational efficiency [66].

Despite their ability to generate smooth transitions for single-character motion,
traditional rule-based approaches depend heavily on pre-collected motion databases
and manually designed features [67]. Consequently, they often struggle to scale to
large and diverse datasets. Moreover, the quality and diversity of the generated
motions are fundamentally constrained by the coverage and fidelity of the avail-
able database. As these methods primarily recombine existing motion segments,
they are inherently incapable of synthesising genuinely unseen poses or motion pat-
terns. Owing to these limitations, the field has progressively shifted towards deep
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learning-based approaches, which leverage neural networks to learn complex motion

representations directly from real-world human motion data.

Deep Learning—based Approaches

While traditional rule-based approaches offer interpretability and incorporate do-
main knowledge into their frameworks, their limited capacity to handle uncertainty
and complex human behaviours has motivated a shift towards deep learning-based
methods. Early deep learning approaches predominantly rely on recurrent neural
networks (RNNs), formulating the task as a problem of future motion prediction.
A key advantage of this formulation is that temporal dependencies are explicitly
embedded within the model architecture. For instance, |68] employs Restricted
Boltzmann Machines to explicitly model frame-to-frame transitions. However, the
dependencies between motion frames are highly dynamic and complex. To better
capture such temporal relationships, [69] proposes a hierarchical RNN trained on
a large and diverse motion dataset, while [70] leverages Long Short-Term Memory
(LSTM) networks to model longer-term temporal dependencies. Beyond kinematic
motion features, [52] explores the phase space of human motion and proposes learn-
ing temporal dependencies in terms of motion phases.

Despite these efforts, RNN-based methods for modelling temporal dependencies
in single-character motion often struggle to synthesise long motion sequences [71],
with generated motions gradually converging to a static pose. This issue arises
because such models tend to average over multiple plausible future poses when pre-
dicting the next state. Furthermore, these approaches typically require initialisation
with several frames from an existing motion sequence and subsequently extrapolate
future frames, implicitly assuming the availability of a partial motion sequence pro-
vided by the user.

To alleviate motion degradation and relax the assumption of motion availabil-
ity, generative models such as autoencoders (AEs), variational autoencoders (VAEs),
and generative adversarial networks (GANs) have been extensively explored. Repre-
sentative work by [9] employs autoencoders to learn a motion manifold for generating

realistic single-character motions, inspiring subsequent research on deep learning-
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based motion manifolds. To explicitly model uncertainty, [46] combines Gated Re-
current Units (GRUs) with VAEs for motion sequence generation. In parallel, [72]
proposes a sequence-level conditional VAE that enables non-autoregressive motion
generation.

Another prominent line of research is based on generative adversarial networks.
The introduction of GANs into single-character motion modelling enables the use of
an adversarially trained discriminator to regularise the learned motion manifold [73|
74]. ActFormer [75] incorporates transformer architectures into a GAN framework
for action-conditioned 3D human motion generation, while GANimator |76] proposes
a hierarchical architecture that applies discriminators sequentially to better regulate
the motion manifold.

Although VAE-based and GAN-based frameworks provide effective regularisa-
tion of motion manifolds and account for the inherent uncertainty in single-character
motion, they often require careful tuning to avoid issues such as mode collapse or
overly smooth (blurred) synthesis [20].

To further address mode collapse and blurred synthesis, diffusion-based methods
have recently emerged as powerful alternatives. Diffusion models are characterised
by their iterative, multi-step transformation from a noise distribution to a data
distribution [20], which promotes broader mode coverage when modelling complex
data. Within single-character motion modelling, two representative diffusion-based
works have laid important foundations. MDM [12] is the first to introduce diffusion
models for single-character motion generation, employing transformers to jointly
model temporal dependencies across frames. MLD [77] further improves generation
fidelity and efficiency by applying diffusion processes in a learned latent space.

Despite these advances, the capability of diffusion models to effectively capture
both inter-class and intra-class variations in single-character motion remains limited.

This thesis therefore addresses these gaps through two proposed frameworks:

e Chapter[dintroduces a unified pipeline for styled motion synthesis that directly
models both inter-class and intra-class variations, without relying on initialised

motion sequences.

e Chapter [5| presents an adversarial motion generation approach that exploits
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intra-class variations under inter-class constraints to achieve adversarial ob-

jectives.

While substantial progress has been made in modelling single-character mo-
tion, real-world applications typically involve multiple characters and thus require
modelling interactions between them. This motivates a further examination of

approaches beyond single-character motion modelling, which is discussed in Sec-

tion 2.1.2]

2.1.2 Multi-Character Interaction Modelling

The field of multi-character interaction modelling has a long history that predates
the widespread adoption of deep learning. It is concerned with generating realistic
interactions among multiple characters and poses distinct challenges arising from
highly non-linear dynamics, self-organising collective behaviours, and multi-agent

synchronisation |15].

Traditional Rule-based Approaches

Prior to the popularity of deep learning, early methods for multi-character interac-
tion modelling predominantly rely on rule-based frameworks and pre-collected mo-
tion databases. These approaches typically employ explicitly defined rules, which
confer a degree of interpretability through their manual design. Multi-character
interaction modelling focuses on capturing the interdependencies between charac-
ters. Building upon the motion graph paradigm discussed in Section [2.1.1] inter-
action graphs [78,79] have been proposed as an extension of traditional motion
graphs. Rather than modelling a single character, interaction graphs represent
multi-character poses at each frame as nodes in a graph. In addition, interaction
graphs incorporate relative information between characters 7], such as relative po-
sition, relative velocity, and relative orientation, to define rules for connecting nodes
and enabling plausible interaction transitions. To further improve the construction
of graph edges, [80] introduces collaborative and adversarial objectives to guide the

synthesis of interactive motions.
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Although traditional rule-based approaches can generate smooth transitions for
multi-character interactions, they face several inherent challenges. First, they rely
on the availability of large-scale interaction datasets, which are significantly more
difficult and in some cases impractical to collect as the number of interacting char-
acters increases. Second, these methods struggle to scale to larger groups of charac-
ters, as they depend on manually designed features to evaluate interactions, while
the complexity of inter-character dynamics grows exponentially with the number of
agents, as noted by [81]. These limitations have motivated a transition towards deep

learning-based approaches for multi-character interaction modelling.

Deep Learning-based Approaches

Early deep learning approaches to multi-character interaction modelling primarily
rely on recurrent neural networks (RNNs) and typically formulate the problem as
one of future motion prediction. At this stage, the central objective is to learn
interaction semantics from observed motion sequences. One line of work models
interdependencies between characters in an iterative manner. For example, [82]
proposes an LSTM-based framework that iteratively captures the interdependence
between two interacting characters. Another line of research follows a feature fu-
sion strategy, where interaction features extracted from individual characters are
combined for prediction. For instance, [83] employs sequential GRUs and pooling
operations to encode interaction cues from observations and subsequently fuses the
resulting representations for interaction prediction.

Despite progress in applying RNNs to human interaction modelling, early deep
learning approaches often suffer from interaction degradation, whereby long-term
predictions exhibit noticeable drift and severe interpenetration between characters.
Moreover, these RNN-based methods typically require initialisation with several
frames of interaction data, implicitly assuming that users have access to partial
interaction sequences. This requirement can be particularly restrictive in scenarios
involving multiple characters.

To address interaction quality degradation and relax the assumption of interac-

tion availability, generative models such as variational autoencoders (VAEs) and gen-
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erative adversarial networks (GANs) have been widely adopted for multi-character
interaction modelling. VAE-based methods are particularly attractive due to their
structured uncertainty modelling capabilities [15], with research efforts largely fo-
cused on designing effective encoders for improved feature extraction. For example,
MUGL [84] employs global encoders to capture interactive dynamics alongside local
encoders for individual character motion, while DSAG [85] introduces self-attention
mechanisms to better model subtle motion details and temporal processing modules
to handle high intra-class variance.

Another prominent line of research explores GAN-based frameworks, in which
adversarial training is used to further regularise the latent representations of in-
teractions. These methods primarily emphasise discriminator design to enhance
interaction realism. For instance, [86] presents an early GAN-based approach that
incorporates an attentive, part-aware generator for individual motion modelling and
a dual-stream discriminator to improve interaction quality. Similarly, [87] proposes
a hierarchical architecture for both the generator and discriminator to capture in-
teraction semantics at multiple levels.

Although VAE-based and GAN-based frameworks provide regularisation of the
interaction manifold and account for uncertainty in multi-character interactions,
they often require careful tuning to avoid issues such as mode collapse or overly
smooth synthesis. In practice, generated interactions may still suffer from insufficient
synchronisation between characters.

More recently, diffusion models have emerged as a dominant paradigm in this
area due to their superior mode coverage when modelling complex data distributions.
Two main research paradigms have gained prominence in this direction. The first
focuses on the construction of large-scale datasets with detailed annotations, while
their architectures are often based on cross-attention mechanisms to explicitly learn
interdependencies between characters. For example, InterGen [36] introduces a large
interaction dataset and utilises cross-attention modules to capture inter-character
dependencies. Building on this effort, Inter-X [88] presents another large-scale inter-
action dataset with rich annotations, including textual descriptions, daily interaction

categories, relationship and personality labels, and interaction order information.
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The second paradigm emphasises architectural innovations to better model interde-
pendencies between characters. For instance, [89] proposes a fine-tuning strategy
that treats interactions as control signals for individual characters and learns an
additional control layer to explicitly account for inter-character dependencies.
Despite these advances, existing methods primarily focus on modelling inter-
class variations, namely interaction semantics, while largely neglecting intra-class

characteristics. This thesis addresses this gap through a diffusion-based framework:

e Chapter [6] presents a diffusion-based method integrated with reinforcement
learning to account for temporal intra-class variations, while preserving the

underlying interaction semantics.

2.2 Modelling Intra- and Inter-Class Variations

Human motion exhibits substantial variability arising from both differences between
action categories and variations in how a given action is performed. These two
sources of variability are commonly referred to as inter-class and intra-class varia-
tion [2,14.85], respectively, and together they characterise the diversity and ambi-
guity inherent in human motion data. A central challenge in motion modelling is
therefore not only to capture each type of variation in isolation, but also to represent
their interplay in a coherent manner.

Existing research addresses this challenge from two complementary perspectives.
Some approaches aim to explicitly model inter-class and intra-class variations as
distinct components within the motion representation, as discussed in Section [2.2.1]
Other methods treat variation as a task-driven degree of freedom, exploiting intra-
class variability to fulfil task-specific objectives such as adversarial robustness or
social coordination, as discussed in Section [2.2.2] In the following, we review both
perspectives and examine how they contribute to a broader understanding of motion

variability.
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2.2.1 Direct Modelling Inter- and Intra-Class Variations

Direct modelling approaches explicitly distinguish between high-level motion se-
mantics and low-level execution characteristics. Within this paradigm, inter-class
variation is typically associated with action categories or motion content, whereas
intra-class variation corresponds to stylistic or execution-level attributes such as

tempo, amplitude, expressiveness, or emotional tone [90-92].

Traditional Rule-based Approaches

The direct modelling of inter-class and intra-class variations has been a long-standing
research problem that predates the advent of deep learning. Traditional rule-based
style transfer techniques typically rely on representative style features extracted
from large motion databases, together with statistical models, to integrate stylis-
tic attributes into given motions. A variety of feature extraction methods have
been employed to capture intra-class variations, such as Laban Movement Anal-
ysis [93] and Iterative Motion Warping [94]. To better handle unstructured and
heterogeneous motion data, [95] retrieves nearest-neighbour motion examples from
a database based on extracted intra-class patterns. However, modelling intra-class
variations in isolation, without explicitly accounting for inter-class variations, often
leads to drift in action semantics.

To address this issue, several statistical frameworks have been proposed to jointly
model both types of variation, such as Linear Time-Invariant models [94] and Hid-
den Markov Models [96]. In addition, the spectral domain has been explored as an
alternative representation to achieve improved temporal integration between mo-
tions [97]. For instance, |98] represents style in terms of spectral intensity and
performs style transfer by minimising differences in spectral intensity across hetero-
geneous motions in the database.

Although traditional rule-based approaches offer conceptual simplicity and com-
putational efficiency, they are fundamentally constrained by manually crafted style
features and exhibit limited generalisation to unseen motions. Their determinis-
tic structures and restricted expressiveness have consequently motivated a shift to-

wards deep learning-based approaches, which can learn complex patterns of style
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and motion content and achieve more coherent integration of inter- and intra-class

variations.

Deep Learning-based Approaches

While traditional approaches provide interpretable feature definitions and statistics-
based integration frameworks, their limited ability to handle uncertainty and com-
plex motion dynamics has motivated a shift towards deep learning-based methods.
Early deep learning approaches largely inherit the analytical paradigms of rule-based
techniques, leveraging the hidden states of recurrent neural networks to represent
and integrate inter-class and intra-class variations. For instance, the Gram matrix,
a statistics-based representation that captures feature co-occurrence [99], has been
adapted for motion style transfer. Specifically, [9] minimises differences between
Gram matrices computed from hidden network activations to incorporate stylistic
variations into motion sequences. However, Gram matrix-based representations re-
quire computing pairwise correlations between feature channels, leading to computa-
tional and memory costs that scale quadratically with feature dimensionality. When
applied to skeletal motion sequences [100,101], this cost becomes more pronounced,
as correlations must be computed across multiple joints and temporal dimensions,
resulting in substantial computational overhead in practice. Moreover, although
these early deep learning approaches adapt statistics-based methods to neural net-
work settings, they generally rely on paired motion samples that jointly account
for inter-class and intra-class variations, which are often unavailable in real-world
scenarios.

To address the problem of paired samples for inter-class and intra-class varia-
tions, learning-based representations of inter-class and intra-class variations have
dominated this direction and have been commonly supervised with the cycle con-
sistency loss. Considering the lack of paired motion samples, cycle consistency,
originally proposed by [102], has been employed as an indispensable part of the
learning process to disentangle intra-class and inter-class features. [103] is the first
work to leverage cycle consistency loss as well as a discriminator loss to capture

inter-class and intra-class variations via two independent encoders for unpaired sce-
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narios. Following the work of [103], subsequent studies widely adopt the architec-
ture and strategies. Some studies further improve finer-grained intra-class variation
modelling. [104,{105] focuses on body parts and extract intra-class and inter-class fea-
tures with respect to different parts while [106] proposes a dual-flow feature fusion
architecture to better integrate intra-class and inter-class features. Others focus
on improving computational efficiency |107,|108], proposing online intra-class and
inter-class modelling and integration frameworks. Recently, diffusion models have
been introduced for a unified framework of modelling and integration [109-111],
which demonstrates superior performance in modelling and integrating inter-class
and intra-class variations.

To overcome the reliance on paired samples, learning-based representations of
inter-class and intra-class variations have become the dominant approach, frequently
supervised using cycle consistency losses. Given the scarcity of paired motion data,
cycle consistency, which was originally introduced by [102] in image domain, has
been adopted as a key mechanism for learning disentangled inter-class and intra-
class features. The work of [103] is among the first to employ cycle consistency
loss in conjunction with adversarial objectives, using two independent encoders to
capture inter-class and intra-class variations in unpaired settings. Building upon
this framework, subsequent studies have widely adopted similar architectures and
training strategies. Several works focus on finer-grained modelling of intra-class
variations. For example, [104,]105] decompose motions into body parts and extract
inter-class and intra-class features at the part level, while [106] proposes a dual-
flow feature fusion architecture to more effectively integrate these features. Other
studies prioritise computational efficiency [107,/108], proposing online frameworks
for modelling and integrating inter-class and intra-class variations. More recently,
diffusion models have been introduced as unified frameworks for both modelling
and integration |109-111], demonstrating superior performance in capturing and
combining inter-class and intra-class variations.

Despite these advances on unpaired scenarios, existing methods still require given
motion sequences to initialise the modelling of inter-class and intra-class variations,

which may not be feasible in practical applications [72]. This thesis addresses this
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gap through a novel framework:

e Chapter[d]introduces a unified pipeline for styled motion synthesis that directly
models inter-class and intra-class variations without reliance on initialised mo-

tion sequences.

2.2.2 Task-driven Exploitation of Intra-Class Variations

While direct modelling approaches seek to represent inter-class and intra-class vari-
ations as explicit components of motion, many practical problems instead exploit
intra-class variability to achieve task-specific objectives |[112]. In such settings, vari-
ation is not an end in itself, but a mechanism through which external constraints can
be satisfied without compromising high-level motion semantics [113]. This perspec-
tive motivates a complementary class of methods that treat intra-class variation as
a functional degree of freedom. Specifically, these approaches manipulate intra-class
variation to meet external constraints while preserving the semantic identity of the
motion. This thesis focuses on two representative applications of this paradigm,

namely adversarial motion generation and multi-character interaction generation.

Exploitation under Adversarial Constraints

In adversarial motion generation, the objective is to produce motion sequences that
remain perceptually consistent to human observers while causing a trained recog-
nition system to produce incorrect predictions. Achieving this requires preserving
inter-class semantics, such that the motion remains recognisable to humans as the
original action, while introducing subtle and targeted modifications to execution-
level details within the natural intra-class variability of the action class [114}/115].
These perturbations operate within the intra-class space and are constrained by
inter-class semantics, exploiting the flexibility of motion execution to deceive classi-
fiers without introducing perceptible artefacts. In this context, intra-class variation
functions as a strategic resource rather than an explicitly modelled factor.
Existing approaches for generating adversarial intra-class variations can be broadly

categorised into white-box and black-box methods, distinguished by the level of ac-
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cess to the target classifier. White-box approaches assume full knowledge of the
target model, including access to gradients, enabling direct generation of adversar-
ial intra-class perturbations. For example, [114] introduces perceptual constraints
and generates intra-class variations using gradients derived from the target classi-
fier. Subsequent studies further incorporate motion-specific constraints to improve
realism. For instance, [116] generates adversarial intra-class variations by modifying
only skeletal bone lengths. Moving beyond heuristic constraint design, CIASA [117]
employs pre-trained generative models, such as GANs, as generative constraints to
regularise intra-class variations within given action classes. However, all of these
methods rely on full access to the victim model, which may be unrealistic in prac-
tical settings [118].

The second family of approaches, namely black-box methods, operate under the
assumption of partial or no knowledge of the target classifier. These methods can be
further divided into query-based and transfer-based strategies. Query-based black-
box methods leverage a large number of queries to the target classifier and then ap-
proximate intra-class variations for each action class based on the returned outputs.
By avoiding the need for full model access, this line of work focuses on improving
approximation or search strategies for intra-class variations using query-response
pairs. For example, BASAR [119,120] proposes manifold-guided search strategies to
generate adversarial intra-class variations, while FGDA-GS [121] estimates gradients
by approximating gradient signs to generate adversarial intra-class variations. De-
spite their avoidance of full model knowledge, query-based methods typically require
a large number of queries, which may be impractical in real-world scenarios.

In contrast, transfer-based black-box methods generate intra-class variations us-
ing a surrogate classifier, with the expectation that the resulting adversarial motions
will transfer to the target classifier [122}/123]. A common practice is to adapt exist-
ing white-box methods, such as SMART [114] and CIASA [117], for transfer-based
settings. However, these approaches often suffer from limited transferability and sen-
sitivity to the choice of surrogate models [124]. To address this issue, TARSA [125]
introduces a Bayesian optimisation strategy to better characterise intra-class varia-

tions learned by surrogate classifiers and improve transferability.
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Despite recent progress in transfer-based black-box methods, existing constraints
are often heuristic [125] or dataset-specific [124], making them difficult to design or
tune and ultimately limiting the effectiveness of intra-class variation exploitation.

This thesis addresses this gap through a diffusion-based framework:

e Chapter [5| presents an adversarial motion generation method that exploits
intra-class variations under inter-class semantic constraints to achieve adver-

sarial objectives.

Exploitation under Interaction Constraints

In interaction generation, the objective is to synthesise motion sequences that re-
produce realistic interaction scenarios. Achieving this requires not only modelling
inter-class features, namely distinct interaction semantics [36,88], but also accommo-
dating self-organising behaviours such as joining, leaving, or forming new interaction
configurations, which correspond to intra-class features [126]. These self-organising
behaviours operate within the intra-class space and are constrained by inter-class
semantics, exploiting the inherent flexibility of interaction dynamics to enhance re-
alism [127]. This setting highlights intra-class variation as a crucial component for
achieving realistic interactive behaviours.

Early approaches to interaction generation have been developed well before the
widespread adoption of deep learning. These methods rely on predefined composi-
tion rules and large motion databases, specifying when, where, and which motion
sequences should be spatially and/or temporally concatenated according to heuris-
tic criteria. For example, [128] partitions the surrounding space of a character into
honeycomb-shaped regions and searches a motion database to populate each region
with appropriate characters, thereby modelling spatial intra-class variations. Rather
than explicitly partitioning space, |126] proposes concatenating motion clips based
on entry and exit poses, using a matching score to identify suitable transitions.
Building on this idea, [8] further improves the concatenation process by ranking
candidate transitions using a motion graph. Although these rule-based approaches
offer conceptual simplicity, they incur high computational costs due to exhaustive

database searches. More importantly, given the complexity of multi-character in-
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teractions, suitable motion clips may not exist in the collected database, leading to
degraded interaction quality.

More recently, this research direction has regained attention due to the expres-
sive capacity of diffusion models and the flexibility afforded by their training-free
guidance mechanisms. Training-free guidance adjusts intermediate samples during
the multi-step diffusion process using off-the-shelf differentiable constraints, with-
out requiring additional training [129]. Autoregressive generation over characters
has been proposed to incrementally introduce new interacting agents [130], where
a pre-trained diffusion model preserves inter-class interaction semantics (e.g., fight-
ing), while differentiable constraints, such as collision avoidance, facilitate intra-class
variations such as tactical diversity. Subsequent works have followed this paradigm
by proposing alternative constraints or optimisation strategies. For instance, [131]
introduces topology-aware collision avoidance constraints, while [132] proposes op-
timising the noise variables of diffusion models during generation.

Despite recent advances enabled by diffusion models, existing methods primarily
focus on generating larger interaction groups without altering interaction semantics,
that is, exploiting spatial intra-class variations under fixed interaction constraints.
Temporal intra-class variations, however, remain largely unexplored. This thesis

addresses this gap through a diffusion—reinforcement learning framework:

e Chapter [0 presents a diffusion-based method combined with reinforcement
learning to model temporal intra-class variations while preserving inter-class

interaction features.

2.3 Datasets

Over recent decades, researchers have developed multiple datasets for human inter-
action motion generation research. This section first reviews representative datasets
for human motion generation in Section followed by an overview of represen-

tative datasets for human interaction modelling in Section [2.3.2]
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2.3.1 Human Motion Datasets

Human motion datasets primarily focus on capturing large collections of single-
person motions that reflect both inter-class and intra-class variations. Broadly, exist-
ing datasets follow two paradigms for representing such variations: label-guided and
language-guided. Label-guided datasets use discrete action categories to represent
inter-class variation, with multiple motion samples within each category capturing
intra-class variation. In contrast, language-guided datasets employ natural language
descriptions to encode inter-class semantics, while multiple motion sequences associ-
ated with the same description represent intra-class variation. Table summarises

representative datasets commonly used in human motion modelling.

Table 2.1:  Representative human motion datasets. This table summarises key
statistics and characteristics of widely used human motion datasets. Subjects de-
notes the number of individuals involved in the dataset. Sequences refers to the
number of motion clips. Frames indicates the total number of frames capturing 3D
human motion. Length represents the cumulative duration of the motion data in

hours. ‘—’ indicates unavailable information.

Dataset ‘ Year ‘ Subjects ‘ Sequences ‘ Frames ‘ Length
Motion-X [133] 2023 - 81.1K 15.6M 144.2h
100STYLE [134] 2022 - - 4.1M 18.75h
HumanML3D |35] | 2022 344 14.6K - 28.5h
NTU [34] 2019 106 114.4K - 74h
KIT [135] 2016 111 3911 - 10.3h
Xia [95] 2015 - - 79.8K -

Label-guided datasets are widely adopted, as categorical labels provide a straight-
forward partition of daily activities. NTU [34] extends the earlier NTU RGB+D
dataset [33] by introducing 60 additional action classes and 57600 new RGB+D
video samples. The resulting dataset contains 120 action categories spanning daily
activities and health-related motions. 100STYLE [134] is a large-scale dataset in
which performers execute the same action under different stylistic variations. Its
action categories are treated as content labels, while style categories represent intra-
class variation. Xia [95] is a smaller dataset that provides both content and style
labels. Unlike 100STYLE [134], which defines style in terms of specific motion pat-
terns, Xia characterises style through attributes such as emotion and age, reflecting

properties of real-world human behaviour. While label-guided datasets offer an in-
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tuitive way to describe inter-class and intra-class variations, their categorical nature
often provides only coarse-grained semantic distinctions.

To enable more fine-grained representations, language-guided datasets have emerged
as a prominent trend in human motion modelling. Rather than partitioning motions
into discrete categories, natural language descriptions provide flexible and expressive
semantic annotations. Similarities between textual descriptions form a continuous
semantic space that more faithfully captures inter-class variation, while multiple
motion sequences associated with the same description reflect intra-class diversity.
Motion-X [133] is a recent large-scale dataset that includes not only body motion
and coarse textual descriptions, but also annotations of facial expressions, hand
gestures, and fine-grained pose details, facilitating richer modelling of both inter-
class and intra-class variations. HumanML3D [35] is constructed by combining the
HumanAct12 [46] and AMASS [136] datasets, and provides three distinct textual
descriptions for each motion sequence. It covers a wide range of activities, includ-
ing daily actions, sports, acrobatics, and artistic movements. KIT [135] is a paired
dataset comprising motion capture data and corresponding language annotations,
where motion sequences are recorded using optical marker-based systems and anno-

tated with natural language descriptions.

2.3.2 Human Interaction Datasets

As the difficulty of acquiring multi-character interaction data increases exponentially
with the number of participants, the development of human interaction datasets has
largely been driven by two main paradigms: camera-based capture and simulation-
based generation. Table summarizes these representative datasets.

Early camera-based datasets primarily represent human interactions using visual
sensing systems, capturing joint coordinates or body keypoints across sequential
frames. These pioneering efforts typically rely on single RGB-D cameras or multi-
camera setups to record multi-person interactions. Representative datasets include
3DPW [141], MuPoTS-3D [140], and NTU [34]. Although these datasets have been
widely adopted in skeletal action recognition, they have seen more limited use in in-
teraction modelling due to noise and reconstruction inaccuracies. MuPoTS-3D [140],
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Table 2.2: Representative human interaction datasets. This table summarises key
statistics and characteristics of widely used human interaction datasets. Subjects
denotes the number of individuals involved. Sequences refers to the number of
motion clips. Frames indicates the total number of frames capturing 3D human

motion. Length represents the cumulative duration of the motion data in hours. ‘—

indicates unavailable information.

¢ Y

Dataset | Year | Subjects | Sequences | Frames | Length
Inter-X [88] | 2024 89 11,388 8.1M -
InterHuman [36] | 2024 60 7,779 107T™M 6.56h
ReMoCap [137] | 2024 9 - 275.7K | 2.04h
DD100 [138] | 2024 10 100 210K 1.95h
GTA Combat [75] | 2023 14 6,900 - -
ExPT [139] | 2022 4 115 30K 0.33h
NTU [34] | 2019 106 20,579 - 18.6h
MuPoTS-3D [140] | 2018 8 20 8K -
3DPW |[141] | 2018 18 60 51K -
JTA [142] | 2018 | 10,800 512 461K 4.27h

for instance, focuses on daily interactions in real-world environments where heavy
occlusions frequently occur from camera viewpoints. NTU [34], on the other hand,
provides over 20000 interaction sequences and has become a standard benchmark
in the field of interaction recognition. To reduce data noise, some datasets, such as
3DPW [141], further employ parametric body models, including SMPL [143] and
SMPL-X [144]. Despite these efforts, camera-based interaction data often remain
noisy, which limits their applicability in recent high-fidelity interaction modelling
research.

More recent camera-based datasets have significantly improved in both scale
and quality due to advances in professional motion capture systems. State-of-the-art
capture pipelines now integrate RGB-D cameras with additional sensors in controlled
laboratory environments, enabling more accurate and temporally consistent motion
recordings. Consequently, recent human interaction datasets typically involve larger
subject pools, longer sequences, and richer social interactions. InterHuman [36] and
Inter-X [88] are two representative examples that have been widely adopted due to
their high motion quality and interaction diversity. In addition, several specialised
datasets have emerged for certain tasks. ReMoCap [137] focuses on a specific task of
reactive motion modelling and specific interaction contexts such as dance and martial

arts, providing over two hours of curated interaction data. ExPI [139] concentrates
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on dyadic interactions involving Lindy Hop aerial steps, while DD100 [138] contains
approximately two hours of professional dance performances across various genres,
including Samba and Tango. Despite their improved quality and diversity, these
datasets are costly to collect in terms of both time and labour. As a result, they often
involve a limited number of participants engaged in interactions, which constrains
their scalability to scenarios involving larger groups of interacting characters.

In contrast, simulation-based datasets offer an alternative means of obtaining
large-scale interaction data with consistent quality. By leveraging modern game
engines, human interactions can be generated using rule-based systems within sim-
ulated environments. Following this strategy, datasets such as GTA Combat [75]
and JTA [142] utilise the GTA-V engine to synthesise large-scale, visually consis-
tent multi-person scenarios featuring diverse poses and interaction patterns. While
simulation-based datasets typically provide cleaner motion data than camera-based
approaches, they remain constrained by the predefined rules and behaviours of the
underlying simulators, often resulting in limited behavioural diversity and somewhat

robotic interaction dynamics.

2.4 Evaluations

Appropriate evaluation metrics are essential for comparing different methods and
driving progress in the field. However, evaluating synthesised human motion and
interactions remains a non-trivial problem [145,146], due to the one-to-many nature
of motion generation, the inherent subjectivity of human judgement, and the high-
level semantics conveyed by conditional signals. While this challenge remains open,
this section reviews commonly used evaluation metrics from multiple perspectives

and discusses their respective strengths and limitations. A summary of these metrics

is provided in Table 2.3

2.4.1 Fidelity-related Metrics

Fidelity-related metrics aim to assess the overall quality of generated motion in

terms of realism, smoothness, and physical coherence. This section reviews fidelity
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Table 2.3: Representative evaluation metrics for human motion and interaction
generation.

Category Sub-category Metrics
Comparison with Ground Truth MPJPE [147], NDMS [148], NPSS [149]
Fidelity Naturalness FID [150|, FMD [151|, MMD |152]
Physical Plausibility Foot Skating Ratio [35|, Penetration [153|
Variation Inter-class Diversity [46] -
Intra-class Multimodality [35|
Alignment Text-conditioned R-Precision [35], Multimodal Distance |35|
Label-conditioned Recognition Accuracy [72], Penetration [153]
User Study User Study Preference [154], Rating [137}|155]

evaluation from three complementary aspects: comparison with ground-truth mo-
tions, which assesses generated motion using distance-based metrics; naturalness,
which evaluates dataset-level statistical similarity between generated motions and
real motion data; and physical plausibility, which measures adherence to real-world

physical constraints and interaction dynamics.

Comparison with Ground-Truth

Comparing generated motion sequences with ground-truth data represents the most
direct and intuitive approach to quality assessment. Accordingly, a range of distance-
based metrics has been proposed for this purpose.

Distance-based metrics quantify discrepancies between generated motions and
corresponding ground-truth sequences. Among these, Mean Per-Joint Position Er-
ror (MPJPE) [147] is the most widely adopted. MPJPE measures the average
Euclidean distance between corresponding joints in predicted and reference poses,
with lower values indicating higher fidelity. Normalised Directional Motion Simi-
larity (NDMS) [148] evaluates the alignment of motion directions and the relative
magnitudes of movement between generated and real motions. Beyond MPJPE
and NDMS, several complementary metrics have been proposed. For example, Nor-
malised Power Spectrum Similarity (NPSS) [149] assesses long-term motion synthe-
sis quality in the frequency domain. Collectively, these metrics evaluate differences
in spatial position, motion direction, and spectral characteristics, providing a mul-
tifaceted assessment of motion accuracy across different dimensions.

However, for a given conditional input, the ground truth represents only one of

many plausible motion outcomes, with numerous alternative solutions potentially
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being equally valid. As a result, evaluation strategies that rely solely on ground-
truth comparisons may fail to capture the full range of acceptable motion variability

and thus offer limited coverage in assessing generative motion models.

Naturalness

Naturalness in human motion and interaction generation evaluates how lifelike and
realistic the generated motions appear, typically by comparing dataset-level statis-
tical and perceptual properties with those of real motion data.

Fréchet Inception Distance (FID) [150] and its motion-adapted variant, Fréchet
Motion Distance (FMD) [151], have been widely adopted across the literature [36,[75,
85,89,/137,/138|/154,/156-158] to quantify the divergence between feature distributions
of generated and ground-truth motions. These metrics rely on deep feature repre-
sentations extracted from pretrained classification models to measure distributional
similarity. In addition to FID and FMD, other distribution-based metrics have also
been employed. Maximum Mean Discrepancy (MMD) [152] evaluates naturalness
by comparing generated and real motion distributions either on a per-timestep ba-
sis (MMD-A) or across entire motion sequences (MMD-S), the latter obtained by
flattening sequences into vector representations.

Despite their intuitive formulation, these metrics face several limitations. In par-
ticular, their assessment of naturalness is highly dependent on the assumed motion
distribution and on the quality and suitability of the pretrained feature extractors,

which may not fully capture all aspects of perceptual motion quality.

Physical Plausibility

Physical plausibility evaluates the extent to which generated motions adhere to
realistic physical constraints and natural interaction dynamics. A commonly used
metric in this category is the Foot Skating Ratio [35], which quantifies unintended
sliding of the feet during motion and thus reflects the stability and proper grounding
of generated movements. Another widely adopted measure is penetration [153],
which captures the degree of interpenetration between bodies, typically reported

either as an average over all frames or as the maximum penetration observed in a
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single frame.

Although these metrics provide quantitative measures of physical plausibility,
they rely on several manually defined hyperparameters, such as height and velocity
thresholds for determining foot—ground contact. The choice of these parameters
can significantly influence the evaluation outcome and may limit the robustness and

comparability of results across different studies.

2.4.2 Variation
Inter-Class Variation

In evaluating the diversity of generated motions, Diversity [46] is a key metric that
captures variation across the overall set of generated samples. Diversity measures the
range and distinctness of motions within the generated distribution, reflecting the
model’s ability to produce varied outputs across different action classes or conditions.

It is computed as:

Sq
1
Diversity = T Z lv; — ]2, (2.1)
d =1

where S; denotes the number of samples used for evaluation, v; and v, are deep
feature vectors of the ¢-th samples drawn from two randomly selected subsets of

generated motions, and || - ||z represents the Euclidean (L2) norm.

Inter-Class Variation

In contrast, Multimodality [46] evaluates variation within a single action category
or text prompt, reflecting a model’s capacity to generate multiple plausible motions
for the same conditional input. Given a set of motions spanning C' action types, two
subsets of equal size S; are randomly sampled for each action type c. Multimodality

is defined as:
c S

1
Multlmodahty = m Z Z ||Uc,z’ - Ué,iHQ; (22)

e=1 i=1
where v.; and v, ; denote the deep feature vectors of the i-th samples from the two
randomly selected subsets corresponding to the c-th action type.

In summary, diversity captures inter-class variation by ensuring a broad range of
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generated motions across different actions, while multimodality captures intra-class
variation by assessing the ability to produce multiple valid realisations for a given
input. Together, these metrics characterise the richness and flexibility of genera-
tive motion models, which are particularly important for dynamic and interactive

applications.

2.4.3 Alignment

Ensuring coherence in condition-driven human motion and interaction generation
is essential for producing contextually accurate and semantically consistent results.
This section reviews commonly used metrics for evaluating alignment between gen-
erated motions and their conditioning signals, focusing on both label-based and

text-based conditions.

Label-Conditioned

In label-to-motion generation tasks, alignment is assessed by measuring the consis-
tency between generated motions and their corresponding labels. When labels rep-
resent action categories, many approaches employ recognition accuracy [46,72,|159)
as an evaluation metric. This metric relies on a pretrained action recognition model
to determine whether generated motions are correctly classified into their intended
action categories.

Beyond the use of external recognition models, consistency-based metrics have
also been proposed as self-contained evaluation measures. In particular, content
consistency (CC) and style consistency (SC) are adopted when multiple types of
labels are involved [92,|105]. These metrics are inspired by the cycle consistency
principle introduced in CycleGAN [102], where motions are iteratively regenerated
using labels extracted from the previous iteration’s outputs. Both accuracy-based
and consistency-based metrics provide quantitative assessments of the alignment
between generated motions and their conditioning labels, offering complementary

perspectives on label-to-motion coherence.
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Text-Conditioned

Text-conditioned alignment metrics evaluate the degree to which generated motions
correspond to provided natural language descriptions. R-Precision [35] measures
retrieval accuracy by ranking Euclidean distances between motion and text feature
embeddings within a dataset containing both matched and mismatched descriptions.
It reports precision at top-1, top-2, and top-3 ranks, indicating how frequently the
correct description appears among the closest matches. Multimodal Distance [35]
computes the average Euclidean distance between feature representations of gen-
erated motions and those of their corresponding textual descriptions, providing a

direct measure of cross-modal alignment in the shared feature space.

2.4.4 User Study

User studies, or subjective evaluations, constitute a crucial component in assessing
generated human motion, as they can reveal aspects of motion quality that are not
adequately captured by objective metrics alone [160]. First, human observers are
highly sensitive to subtle artefacts in biological motion, such as jitter and foot skat-
ing [161,{162]. Second, existing objective metrics are often unable to capture nuanced
cultural and perceptual factors, including aesthetics and emotional impact [163,/164].

User studies can be broadly categorised into two main types. The first involves
eliciting user preferences [154] by comparing generated motions against baseline
methods or ground-truth sequences, enabling researchers to identify which motions
are favoured in terms of overall appeal and effectiveness. The second type requires
participants to rate generated motions along specific dimensions, such as motion
quality [137], reaction plausibility [137], and realism [155]. These ratings provide a
more fine-grained evaluation of particular attributes, offering insights into both the

strengths and limitations of the generated motions.

Preference

Many studies employ preference-based user evaluations through pairwise compar-

isons between generated results and baseline methods or ground-truth motions [165].
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In such studies, participants observe pairs of motion sequences and respond to
questions such as: “Which motion better corresponds to the textual description?”,
“Which motion more accurately reflects the specified style label?”, “Which motion
is more likely to have been modified by an adversarial attack?”, or “Which interac-
tion appears more realistic?”. Researchers then compute a win rate for the proposed
method relative to the baselines. Preference-based user studies thus provide a direct

and intuitive comparison between competing approaches.

Rating

Another widely used form of user evaluation involves asking participants to assign
explicit scores to generated motions. Typically, volunteers are shown multiple mo-
tion sequences and asked to rate each one on a numerical scale (e.g., from 1 to
5 [166]). Beyond overall quality, some studies further request separate ratings for
task-specific attributes such as diversity, consistency, or realism [145], enabling a

more detailed assessment of model performance across different criteria.
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CHAPTER 3

Preliminaries of Diffusion Models

This chapter introduces research topics that are foundational to this thesis. Portions

of this chapter have been published in the following peer-reviewed work:

e Ziyi Chang, George A. Koulieris, Hyung Jin Chang, and Hubert P. H. Shum.
“On the Design Fundamentals of Diffusion Models: A Survey.” Pattern Recog-
nition, Article 111934, Elsevier, 2025.

Diffusion models are a class of deep generative models composed of three func-
tional components: the forward process, the reverse process, and the sampling pro-
cess. The generic diffusion framework [167] learns a data distribution through the
interplay between the forward and reverse processes, while the sampling process is
used to generate novel data that follow the learned distribution. Together, these
three components enable diffusion models to effectively model and sample from
complex data distributions [168].

Specifically, the forward process progressively perturbs training data by injecting
noise, whereas the reverse process learns to remove this perturbation by training a
neural network to invert the noising procedure. After optimisation, the sampling
process leverages the learned reverse dynamics to generate new samples that conform

to the target data distribution.
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3.1 The Forward Process

The forward process describes a diffusion mechanism in which an observed data
sample xy is gradually transformed into a sequence of latent variables {z;}L ; as the
timestep index ¢ increases, as shown in Fig. 3.1l At each step of this process, the
transition distribution p(z; | 2;—1) introduces a stochastic perturbation by injecting
a small amount of random noise ¢;. Repeated application of these transitions re-
sults in the cumulative accumulation of noise, such that the intermediate variable x;
becomes increasingly dominated by randomness as the process evolves. After a suf-
ficient number of diffusion steps, the original data distribution p(x() is mapped to a
terminal distribution p(x7) that is simple and analytically tractable, and is typically
well approximated by a standard noise distribution. Because the forward diffusion
mechanism consists solely of predefined noise injection operations, it does not in-
volve any learnable parameters. Consequently, the forward process can be formally

characterised as a fixed Markov chain composed of successive forward transitions:

Figure 3.1: The forward process perturbs the original data distribution by gradually
adding noise to training samples through a sequence of distribution transitions over
multiple timesteps. Each timestep in the chain is denoted by a circle.

3.2 The Reverse Process

The purpose of the reverse process is to learn a model that can reconstruct clean
data from progressively corrupted observations, as illustrated in Fig. [3.2] This
is achieved by training a denoising neural network to operate across consecutive
diffusion steps. Instead of following the forward diffusion trajectory, the model
evolves in reverse time, moving from the final timestep 7" towards 0. At each step,
the transformation from x; to x;_; is characterised by a reverse-time conditional

distribution pg(z;_1 | ), whose parameters are learned through optimisation of the
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network weights 6.
From a probabilistic perspective, the reverse diffusion procedure can be described

as a Markov chain composed of reverse conditional transitions:

T
po(wo.r) = p(a7) H (Te-1 | 24), (3.1)

where 6 denotes the parameters of the denoising model and py(x;_1 | x;) specifies the
learned transition kernel at each timestep. In most practical settings, these reverse

transitions are parameterised using Gaussian distributions:

po(Ti_1 | @) = N(we_1; po(e, t), Do, 1)), (3.2)

with the mean pug(z,t) and covariance ¥y (z,t) predicted directly by the neural

Figure 3.2: Overview of the reverse diffusion procedure, in which a neural network
f is trained to remove noise introduced by the forward process.

network.

Learning the parameters of the denoising network is formulated as the minimi-

sation of a variational upper bound on the negative log-likelihood of the data:

L =E|Dgr(p(xr | o) || p(zr))
+ ) Drr(p(ies | 2, 20) || po(ie | 1)) (3.3)

- 10g299($0 | 1’1)]

Here, Dy (-||-) represents the Kullback-Leibler divergence, which serves as a mea-
sure of dissimilarity between probability distributions. As the number of diffusion
steps T increases, the first term becomes negligible because the terminal distri-

bution converges towards a standard Gaussian prior. The reconstruction term is
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typically approximated using Monte Carlo sampling techniques, whereas the domi-
nant contribution during training arises from the denoising-related divergence terms.
Consequently, minimising L drives the model distribution py(zo) to align with the

true data distribution p(xg).

3.3 The Sampling Process

The generation of new data samples relies on the denoising network after optimi-
sation, denoted by 0*, as illustrated in Fig. [3.3] Rather than following the forward
diffusion direction, this procedure operates in reverse by repeatedly invoking the
learned model to recover clean data from noise. The process begins by drawing
an initial latent variable x from the predefined terminal distribution p(zr). Sub-
sequently, the trained network is applied at each timestep to perform stochastic

transitions governed by pg«(x;_1 | z¢), gradually refining the sample.

Figure 3.3: The sampling stage relies on the trained denoising network 6* and follows
the learned reverse-time transitions.

After traversing the entire sequence of transitions from timestep 7" down to 0,
the procedure outputs a synthetic data instance zy. This sample is drawn from the
model-induced distribution pg« (), which is designed to approximate the underlying
data distribution p(xg). The overall sampling mechanism can be formally described

as the following Markov process:

T

po- (@or) = p (@) [ [ por (wir | 21), (3.4)

where 6* corresponds to the final learned parameters of the denoising network, p(xr)
defines the noise prior at the terminal step, and py«(x;—; | 2;) specifies the transition

kernel employed during sample generation.
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CHAPTER 4

Diffusion Models for Styled Motion Generation

Portions of this chapter have been published in the peer-reviewed publication:

e Ziyi Chang, Edmund J. C. Findlay, Haozheng Zhang and Hubert P. H. Shum,
7 Unifying Human Motion Synthesis and Style Transfer with Denoising Diffu-
sion Probabilistic Models,” in GRAPP ’23: Proceedings of the 2023 Interna-
tional Conference on Computer Graphics Theory and Applications, pp. 64-74,
Lisbon, Portugal, SciTePress, Feb 2023.

e Edmund J. C. Findlay, Haozheng Zhang, Ziyi Chang and Hubert P. H. Shum,
"Denoising Diffusion Probabilistic Models for Styled Walking Synthesis,” in
MIG ’22: Proceedings of the 2022 ACM SIGGRAPH Conference on Motion,
Interaction and Games, Guanajuato, Mexico, ACM, 2022.

In the task of styled motion generation, content, i.e., action semantics/dynamics,
varies across classes and accounts for inter-class variations, while style, i.e., low-level
execution, accounts for intra-class variations. This task demands both inter-class
and intra-class modelling [103H105]. Previous methods require either specifying
the content alone or specifying both the content and the style. Therefore, they

require two stages to generate styled motions due to the lack of modelling inter-
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class and intra-class variations. This chapter presents the first end-to-end diffusion-
based styled motion generation framework to demonstrate the superiority of diffusion

models in modelling inter-class and intra-class variations.

4.1 Introduction

Synthesising realistic human motion has long been recognised as a fundamental
yet difficult problem in the fields of computer graphics and computer vision. In
contrast to traditional motion capture techniques, motion generation offers a cost-
effective means of producing large-scale motion data without the need for specialised
acquisition equipment. Moreover, artificially generated motions support a broad
spectrum of downstream applications, including character animation and interactive
game development.

Despite these advantages, achieving realism in generated human motion remains
highly challenging. One key difficulty arises from the intrinsic diversity of human
movement, which spans both semantic content and stylistic variation. Human mo-
tions encompass a wide range of activities, such as walking and running, and even
within a single activity category, substantial variability exists. For instance, walking
motions may differ markedly in style, ranging from confident, exaggerated strides
to subdued or fatigued gait patterns.

Although substantial progress has been achieved in recent years through a variety
of deep learning—based methods, existing work in this area largely treats motion
synthesis and motion style manipulation as independent problems. Research on
motion synthesis primarily aims to generate a diverse range of motion contents
[14,52], whereas style transfer methods are mainly concerned with altering stylistic
attributes of motion sequences [103,[169]. While these two types of methods can
be applied in succession, such a decoupled strategy often limits the quality of the
resulting motions. More coherent and realistic motion generation can be expected
when both content and style are jointly modelled within a shared representation.

A central difficulty in realistic human motion generation lies in capturing both

inter-class behaviours, corresponding to motion content, and intra-class variations,
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which reflect stylistic differences, within a unified latent space. Content defines the
high-level semantic differences between action classes, corresponding to inter-class
variation, whereas style captures execution-level differences within the same action
class, corresponding to intra-class variation. Accurately modelling both types of
variation requires neural networks to learn a common latent representation capable
of encoding this combined structure. However, the resulting latent distribution is
substantially more complex than those modelling only a single factor, since both
motion content and style exhibit significant diversity. This increased complexity
places higher demands on the expressive capacity of generative models. Otherwise,
the generated motions are typically suffer from issues such as mode collapse [170],
restrictive prior assumptions [171], or reliance on highly specialised network archi-
tectures |172], leading to unfaithful expression of styles and contents [46}/105].

We introduce a diffusion-based framework that jointly addresses human mo-
tion synthesis and motion style transfer within a unified model. Owing to their
strong mode coverage capability facilitated by iterative stochastic refinement across
multiple diffusion steps [17], diffusion models are particularly well suited for learn-
ing a shared representation of motion content and style. In particular, the de-
noising diffusion probabilistic model (DDPM) constitutes a class of high-capacity
generative models, whose expressive power stems from the deliberate injection of
stochasticity during training. This modelling paradigm is conceptually motivated
by non-equilibrium thermodynamics. Building upon this foundation, we develop
a multi-task DDPM architecture tailored for realistic human motion generation.
The proposed design explicitly captures multiple complementary aspects of motion,
including joint rotations, global translational trajectories, foot—ground contact pat-
terns, and physical constraints. Relative to the original DDPM formulation [53], the
proposed multi-task extension substantially enhances the model’s ability to charac-
terise the structured nature of human motion data. Beyond standard noise predic-
tion, our architecture incorporates additional task-specific networks that estimate
diverse motion-related attributes. To further improve global realism and consistency,
adversarial training is employed to jointly regulate the outputs of the different tasks

and encourage mutual coherence. In addition, explicit physical constraints are inte-
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grated to promote physically plausible motion over long temporal horizons.

The effectiveness of the proposed approach is validated through quantitative and
qualitative evaluations conducted on the dataset introduced by [95]. Ablation stud-
ies are further performed to assess the contribution of individual design components.
For quantitative assessment, we adopt the Fréchet Inception Distance (FID) [150] to
measure the discrepancy between real and generated motion distributions. Exper-
imental results demonstrate that our method consistently achieves the lowest FID
scores, indicating superior generative performance. Qualitative visualisations of syn-
thesised motions are also provided to illustrate the high perceptual quality of the
generated results, while additional ablation experiments confirm the effectiveness of
the proposed multi-task architecture.

The work in [173] represents an early effort to model styled human motions via
diffusion model, focusing on walking motions. However, the approach in [211] only
utilizes a discriminator to generate styled motions and fails for other actions like
jumping and running. In contrast, the approach developed in this chapter builds
upon these early insights while addressing their limitations by adopting a multi-
task framework that enables richer distribution modelling and significantly improves
motion quality across a broader range of motion contents and styles. Comprehensive
experimental comparisons further demonstrate the advantages of our approach over

[173]. The main contributions of this chapter are summarised as follows:

e We present a single-stage pipeline unifying human motion synthesis and style
transfer for high-quality motion creation. The source code is open on https:

//github.com/mrzzy2021/StyledMotionSynthesis

e To effectively represent the coupled representation of both inter-class motion
contents and intra-class motion styles in a common latent space, we propose
a denoising diffusion probabilistic model solution that has a large learning

capacity for modelling the diverse data structure.

e To generate high-quality results, we propose a multi-task network architecture
that leverages both local guidance, including joint angles, movement trajecto-
ries and supporting foot patterns, and global guidance, including physical and
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adversarial regulations.

4.2 Problem Formulation

Realistic human motion generation remains a challenging research problem due to
the complex structure of motion data. Effective modelling of human motion re-
quires a neural network to simultaneously capture variations across different motion
categories (inter-class content) and stylistic differences within the same category
(intra-class style). Together, these two factors define a joint distribution that char-
acterises the underlying motion manifold in a latent space. Owing to the substantial
diversity present in both motion content and style, learning this joint distribution
necessitates generative models with high expressive capacity. As a result, existing
approaches have commonly addressed content generation and style manipulation as
separate modelling tasks.

From an integrated perspective, we introduce a new problem setting termed
styled motion synthesis, along with an associated framework, as illustrated in Fig.[4.1]
Prior work has largely focused on developing neural models for either motion synthe-
sis or motion style transfer in isolation. The absence of a unified formulation often
leads to inconsistencies when multiple networks are combined in practice, which in
turn degrades the quality of the generated motions. In contrast, the proposed prob-
lem formulation explicitly unifies motion synthesis and style transfer within a single

learning objective, enabling end-to-end motion generation.

Proise Pgen Pori

/\If\ N~ =

€ — —l

e e
#

Figure 4.1: Our proposed end-to-end framework for the styled motion synthesis task.

To formally define styled motion synthesis, we introduce the following notation.
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Let x denote a sequence of ground-truth motion data over all frames, and let &
represent the corresponding generated motion sequence. The probability distribu-
tions of the real and generated motions are denoted by p,r; and pge,, respectively.
Given a noise variable € sampled from a predefined noise distribution p,,ise, a neural
generator F'(-) produces a motion sequence Z that aims to match the distribution

of real motions. The styled motion synthesis problem can therefore be expressed as
T = F(E; 9) ~ pgen ~ Pori, (41)

where € ~ Ppyise and 0 denotes the set of trainable parameters of the network F(+).

A motion sequence is assumed to be generated from an underlying joint distribution

& ~p(x|cs)xp(s)xplc), (4.2)

where ¢ captures inter-class variation, i.e., content, and s captures intra-class varia-
tion, i.e., style. The conditional distribution p(z | ¢, s) defines how semantic content

and execution characteristics jointly determine the realised motion.

4.3 Method Overview

The generation of realistic human motion is fundamentally complicated by the need
to represent coupled motion content and style within a shared latent space. Human
motion inherently exhibits variations across motion categories (inter-class content)
as well as stylistic differences within the same category (intra-class style) [103].
Many existing approaches lack sufficient modelling capacity to capture this coupled
structure, and therefore treat motion synthesis and style transfer as two independent
tasks. Such a decoupled strategy restricts exploration of the joint distribution and
often leads to sub-optimal motion quality.

To address these limitations, we propose a styled motion synthesis framework
based on denoising diffusion probabilistic models (DDPM), as illustrated in Fig. [4.2]
DDPMs belong to a class of diffusion-based generative models that progressively add

and remove Gaussian noise, enabling stochastic learning dynamics. This stochastic

50



> noise € - .
discriminator |:>Ldisc
Lnoise

real motion X

n - V-
content ¢ Q

acceleration a E> Lace

Efoot D velocity v L) Ly
(T — o fake I;mtlon
style s 0
Y (1): embedding layer ﬁgt
(2): prediction layer Multi-task DDPM

Figure 4.2: An overview of our proposed framework.

formulation substantially increases the expressive capacity of the model, allowing it
to better capture the diversity of complex data distributions. Diffusion-based gen-
erative models provide an alternative framework for modelling complex and multi-
modal data distributions . Their iterative sampling process has been widely
discussed as a mechanism for improving mode coverage [174], which is potentially
beneficial for motion generation tasks that require both semantic consistency and
stylistic diversity.  Our proposed framework adopts a unified, end-to-end formu-
lation with enhanced learning capacity, offering clear advantages over conventional
two-stage pipelines ,. By jointly optimising motion content and style within
a single model, the framework enables more effective exploration of the underlying
motion manifold, resulting in improved generation performance.

The training strategy of the proposed framework follows a multi-task learning
paradigm. The model is optimised to simultaneously predict multiple motion-related
attributes, including joint configurations, foot contact patterns, global motion tra-
jectories, and physically grounded constraints. In addition, an adversarial discrimi-
nator is incorporated to further regularise the learning process and encourage realism
across the generated motion sequences.

Overall, the proposed end-to-end pipeline unifies human motion synthesis and
motion style transfer within a single diffusion-based framework. By leveraging the

high modelling capacity of DDPMs and a multi-task architecture with auxiliary
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supervision, the method effectively captures the rich variability of human motion

and produces high-quality stylised motion results.

4.4 Denoising Diffusion Probabilistic Models

We adopt denoising diffusion probabilistic models (DDPMs) as the core genera-
tive framework, motivated by their strong capacity to represent highly diverse data
distributions. Realistic human motion exhibits substantial variability arising from
both inter-class motion categories and intra-class stylistic differences. Capturing
such variability places considerable demands on the expressive power of generative
models. In contrast, many existing approaches, such as [103], are constrained to
modelling a single component of motion due to limited network capacity, which
often results in reduced diversity in the generated outputs.

In comparison with these methods, DDPMs [53,|167] offer enhanced modelling
capability through the explicit introduction of stochasticity into the learning process.
The generation procedure is formulated as a stochastic dynamical system in which
probability distributions are gradually transformed via controlled noise perturbation
and denoising steps. This stochastic formulation enables tractable manipulation of
complex distributions and significantly broadens exploration of the latent space,
thereby allowing the model to better capture diverse motion patterns.

During training, DDPMs progressively corrupt the input data by injecting Gaus-
sian noise and subsequently learn to reverse this corruption process. As shown in
Eq. .3| a Gaussian noise variable e ~ N(0,I) is added to the original data zo = x
over t diffusion steps, followed by a learned denoising transition. Model optimisation
is performed by minimising the discrepancy between the injected noise and the noise

predicted by the neural network. The overall training objective is summarised as:

(

pe(xe | o) = N (245 \/Oro, (1 — 04) 1),

pe(Tey | 24) = N<$t—1; ﬁ(ﬂft - \/f—fit-,f) 70t1> ) (4.3)
L=Eiele—¢:
\

27
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where o, € (0, 1) defines the noise schedule, &, = [;_,(1—0;) denotes the cumulative
noise coefficient, € represents the network’s estimate of the injected noise, and £
corresponds to the DDPM training loss introduced in [53]. After training, motion
generation is performed by sampling an initial latent variable from an isotropic
Gaussian distribution x7 ~ AN(0,1) and iteratively applying the learned reverse

transitions over T' diffusion steps. Each reverse update is given by

1 O¢
e (= =22 1 042, 4.4
R, s <xt \/fC,f) e (4.4)

where z ~ N(0, I) is an independently sampled Gaussian noise variable. This formu-
lation follows the denoising diffusion framework discussed in Chapter [3[ and situates
DDPM within the broader class of generative models reviewed in Chapter [2, where
diffusion models are highlighted for their stable training and strong distributional

coverage compared to earlier approaches.

4.5 Multi-task DDPM for Styled Motion Synthe-
Sis
4.5.1 Local Guidance

To achieve high-quality generated results, we propose to leverage a multi-task DDPM
architecture for styled human motion synthesis. Preliminary quantitative experi-
ments indicate that directly applying a standard DDPM to motion synthesis often
leads to suboptimal results, as it does not explicitly account for certain inherent as-
pects of human motion, such as foot contact patterns (see Table in Section .

The proposed multi-task formulation extends the standard DDPM training ob-
jective by incorporating explicit supervision over multiple local motion attributes.
In contrast to the original DDPM, which focuses solely on minimising the discrep-
ancy between predicted noise and ground-truth noise, our design simultaneously
optimises predictions related to joint configurations, global motion trajectories, and

foot—ground contact patterns. These additional objectives introduce complementary
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sources of guidance that are directly relevant to the structure of human motion. By
jointly learning these motion-specific components, the diffusion model is encouraged
to capture a more structured and meaningful latent representation.

In this chapter, global movements refer specifically to the trajectory of the root
joint, including its global translation and orientation over time. The root trajectory
includes the gloab positions and rotations, thereby capturing the global spatio-
temporal structure of an action.

Foot contact patterns serve as a concrete articulation of the root trajectory by
constraining how global body motion is physically grounded through contacts with
the ground. This articulation provides necessary contextual cues that link high-level

global motion to perceptually plausible local execution.

[T B

content ¢
—_— é—‘
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motion x — 7
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(1): the embedding layer  (3): the U-Net layer
(2): the prediction layer (4): the skip connection

Figure 4.3: Our proposed multi-task DDPM pipeline for styled motion synthesis.

As illustrated in Fig. the proposed multi-task DDPM is conditioned on three
inputs: a motion sequence xy = x, a content label ¢, and a style label s. Motion
sequences are represented in terms of joint angles. Prior to being fed into the
diffusion model, both content and style one-hot labels are mapped to continuous
representations via learnable embedding layers. The diffusion backbone adopts a U-
Net architecture augmented with attention mechanisms and skip connections,

enabling effective modelling of the joint manifold formed by motion data x, inter-
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class content categories ¢, and intra-class style attributes s.

Given these inputs, the multi-task DDPM simultaneously predicts the injected
noise €, global root motion 7, and foot—ground contact indicators f . Foot contact
patterns are represented using binary variables that specify whether each foot is in
contact with the ground. Following standard practice in diffusion-based generative
modelling, the network is trained to estimate the noise term € rather than directly
regressing the latent joint configurations . To supervise the three output branches,

the following loss functions are defined:

Enoise = E ||6 - é||§7 (45)
xo,t,8,C

Efoot - xOItEsc Hf - f||§a (4'6)

Eroot = ItE HT‘ - ng (47)
z0,t,8,C

4.5.2 Global Guidance

In addition to providing supervision for individual motion attributes, we further
introduce global guidance to improve coherence across all predicted components.
To this end, physical constraints and a discriminator are incorporated to jointly
regulate the generation process. These global regularisation mechanisms encourage
consistency among the locally guided predictions and improve the overall realism of
the synthesised motions.

For our global guidance, we derive from the arbitrary query property (Eq.
and propose a reconstruction formulation (Eq. . The forward diffusion mecha-
nism described in the first term of Eq. incrementally perturbs the original input
o with Gaussian noise. An important consequence of this formulation is that the
noisy state x; can be analytically accessed at any diffusion timestep ¢, which is given
by

2 = Voo + V1 — Giey. (4.8)

This property enables direct transitions from the clean motion x( to any intermediate
state x;, as illustrated by the arrow connecting xy and z; in Fig. [£.4]

Since the denoising network is trained to predict the injected noise term ¢;, it
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Figure 4.4: Our proposed multi-task conditional DDPM pipeline for styled motion
synthesis.

v
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becomes possible to recover an estimate of the original motion in a reverse man-
ner. Given the predicted noise €, the reconstruction of the clean motion zy can be

computed as
“ Tt — 1— 6t€
To=—"—"F7=— "
VOt ’

which corresponds to the mapping from €, to &g in Fig.[4.4] Through this reconstruc-

(4.9)

tion formulation, an estimate of the underlying motion sequence can be obtained at
any diffusion timestep t.

Based on the reconstructed motion z, we introduce physical regularisation terms
to encourage physically plausible behaviour. These constraints are motivated by
the physical properties of real human motion and aim to promote smooth and glob-
ally coherent motion sequences. In natural human movement, joint configurations
between successive frames exhibit continuity, and joint velocities do not change
abruptly due to physical inertia. To reflect these properties, we impose regularisa-
tion on both the velocity and acceleration of joints in the reconstructed motion. Let
J¢ denote the joint rotation at timestep t. The following loss terms are introduced

to penalise excessive temporal variation:

Lvel = EA ||]t - jt—l”g? (410)
t,jeET

Laoce = . E‘é 6 — 251-1 + Ji2]3- (4.11)
7] €T

These regularisation terms explicitly constrain joint-level velocities and accelera-
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tions, thereby encouraging smooth and physically consistent motion generation.

We note that the acceleration term is computed over a minimal temporal win-
dow of three consecutive frames, which corresponds to a single-step finite-difference
approximation of second-order temporal variation. While longer temporal win-
dows or multi-frame smoothing can further suppress high-frequency fluctuations,
we intentionally adopt this formulation for two reasons. First, diffusion-based mo-
tion generation already enforces temporal consistency across multiple noise scales
through iterative denoising. As a result, the acceleration loss serves as a regular-
ization rather than the sole mechanism for temporal smoothing. Second, extending
acceleration constraints over longer temporal windows would introduce additional
hyper-parameters and increase optimisation complexity, which may over-constrain
motion dynamics and reduce responsiveness to transitions. Under this design, the
single-step acceleration loss provides a lightweight and stable constraint that dis-
courages sudden changes. More explicit multi-frame or trajectory-level smoothness
constraints are therefore left as a potential direction for future work.

Beyond the incorporation of physical regularisation, we further introduce an
adversarial mechanism to enforce consistency across the multiple prediction tasks.
Specifically, a discriminator is employed to provide global guidance that promotes
harmonious integration of the locally predicted motion components. Since joint
angles z, global root motions 7, and foot contact patterns f are estimated indepen-
dently during local guidance, the role of the discriminator is to assess whether these
components collectively form a temporally smooth and coherent motion sequence.
Adversarial learning is adopted by training the discriminator to distinguish between
real motion clips and synthesised ones. Concretely, the discriminator receives joint
angles, root trajectories, and foot contact information as inputs, and outputs a score
indicating whether the motion clip corresponds to ground-truth data or generated

data. The adversarial objective is formulated as:
Laise = ||D (0,7, f) = 1|I3 + |1 D (&0, 7, f) = O] (4.12)
The proposed multi-task DDPM is trained by jointly optimising all task-specific
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objectives. The complete loss function is defined as:

L :)‘lﬁnoise + )\Q'Cfoot + )\3£T00t
+ )\4£disc + )\5Lvel + Aﬁﬁcacc; (413)

where weighting coefficients are set to A\ = As = A3 = A\y = 1 and A5 = A\g = 0.01.

The weighting parameter A is used to balance the contribution of the auxiliary
loss terms relative to the primary diffusion objective. In practice, these loss compo-
nents operate on different quantities and scales, and an explicit weighting is required
to prevent any single term from dominating the optimisation.

The value of X is selected empirically based on stability and convergence be-
haviour observed during training. Specifically, A is chosen such that the auxiliary
losses provide a meaningful regularising signal while remaining comparable in mag-
nitude to the primary loss throughout training. This selection reflects a trade-off
between enforcing auxiliary constraints (e.g., physical consistency or execution-level
structure) and preserving the model’s capacity to learn the overall motion distribu-

tion.

4.6 Experimental Setup

Our approach is trained and evaluated using a publicly available human motion
dataset [95]. For quantitative comparison, we compare our method against the
original DDPM framework [53] as well as a recent DDPM-based motion genera-
tion approach [173]. Qualitative evaluation is conducted by visualising synthesised
motion sequences exhibiting diverse motion contents and stylistic variations. Fur-
thermore, to examine the contribution of individual components within the proposed
multi-task architecture, ablation studies are performed.

All models are trained on a single NVIDIA RTX 3080 Ti GPU using 32-bit
floating-point precision. Training converges within approximately one day. During
inference, the generation of a single motion sequence requires around 20 seconds.

Detailed hyperparameter configurations used throughout the experiments are sum-
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marised in Table 11

Table 4.1: Hyperparameters for training diffusion models.

Learning Rate 0.0002
Discriminator Learning Rate 0.0001
Adam [, 0.9
Adam [, 0.999
Adam e le”®
Batch Size 128
number of timesteps T’ 1000
EMA decay rate m 0.9999

The dataset [95] consists of six distinct motion content categories, with each cat-
egory annotated with eight different motion styles. As part of the post-processing
stage, a Gaussian smoothing filter is applied to the generated motion sequences, fol-

lowed by inverse kinematics to ensure kinematic consistency and visual plausibility.

4.7 Quantitative Comparison

Quantitative evaluation is conducted using the Fréchet Inception Distance (FID)
[150]. This metric measures the discrepancy between the probability distribution
of motion sequences synthesised by the diffusion model and that of real motion
samples from the dataset. To compute FID, feature representations are extracted
for both generated and real motion sequences using a neural network, and each set
of features is approximated by a multivariate Gaussian distribution. The resulting
distributions are denoted as N (j14, 3,) for generated motions and N (g, ;) for real

motions, respectively.
FID = ||t = g3 + tr(Zy + T — 2(5,%)7). (4.14)

Direct comparison with existing methods is non-trivial, as the problem formu-
lation considered here differs from those addressed by prior work. Adapting other

methods is non-trival because the inputs, network architectures, objectives, and the
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task formulation are all different. In the meanwhile, this chapter therefore focuses
on analysing how diffusion models can be adapted to this new setting and the state-
of-art work [173] has already been compared.

We conduct a quantitative comparison between the proposed method, an existing
diffusion-based motion generation approach [173], and the original DDPM baseline
[53], all evaluated on the dataset introduced by [95]. The Fréchet Inception Distance
(FID) is computed using the same number of generated motion samples for each
method, with features extracted by the same pre-trained classifier. The quantitative
results are summarised in Table [4.2]

Table 4.2: Quantitative comparison of methods for styled motion generation.

Model FID (1)

S [173] 15847
~ [p3] 198.67
Ours  56.73

As reported in Table the proposed approach achieves a substantially lower
FID score than the compared methods, indicating a closer match between the dis-
tribution of generated motions and that of the ground-truth dataset. The compara-
tively poor performance of the original DDPM baseline [53] can be largely attributed
to the absence of motion-specific constraints, which limits its ability to capture struc-
tured human motion characteristics. Although the method of [173] incorporates
adversarial learning, its performance remains limited due to degraded motion qual-
ity in non-walking categories, a consequence of its relatively simple network design.
Overall, these results demonstrate that the proposed multi-task DDPM framework

delivers superior generative performance across diverse motion contents and styles.

4.8 Qualitative evaluations

In addition to quantitative metrics, we present qualitative results to further assess
the effectiveness of the proposed method. Fig. illustrates examples of motions
generated with different content categories, demonstrating that the proposed ap-
proach is capable of producing diverse motion types corresponding to distinct motion

contents.
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Figure 4.5: Generated motions with different contents. (a) is walking. (b) is running.
(c) is jumping. (d) is kicking.

Fig. presents several examples of stylised walking motions generated by our
model. These samples exhibit noticeable stylistic variations, such as old walking
patterns, while preserving coherent walking dynamics. Owing to the stochastic
nature of the diffusion-based generation process, the model is able to capture a
wide range of stylistic behaviours. In addition to walking, stylised motions of other
content categories, including running, are shown in Fig. [£.7] further highlighting the

generality of the proposed framework across different motion types.

Figure 4.6: Walking motion with styles. (a) is angry walking. (b) is sexy walking.
(c) is proud walking. (d) is strutting walking. (e) is neutral walking. (f) is depressed
walking. (g) is childlike walking. (h) is old walking.

In addition to quantitative evaluations, we conducted a user study to assess the
perceptual quality of the generated motions. A total of 71 participants from diverse
geographical regions worldwide took part in the study. Participants were shown
motion sequences generated by different methods and were asked to rate them with
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Figure 4.7: We also provide generated styled motions with other contents. (a) is
angry running. (b) is depressed running. (c) is strutting running. (d) is old running.
(e) is sexy jumping. (f) is proud jumping. (g) is angry kicking. (h) is old kicking.

respect to consistency with the given content and style labels, as well as overall
visual quality.

To reduce potential bias, motion clips were presented in a random order without
revealing the underlying generation method. All participants provided their ratings
independently, and higher ratings indicate better perceived motion quality. The
aggregated results were analysed to complement the quantitative metrics reported
earlier. This user study offers a human-centred evaluation of motion quality, which
is difficult to fully capture using numerical measures alone. Fig. demonstrates

the superiority of our method against other methods with a higher score value.

4.9 Ablation Study

An ablation study is conducted to investigate the contribution of individual compo-
nents within the proposed multi-task architecture. The results presented in Table[4.3]

show that the full model achieves the lowest FID score among all ablated variants,
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Figure 4.8: User study results presented as box plots of participant ratings across
different methods. Higher ratings indicate better perceived motion quality.

confirming the effectiveness of the proposed multi-task DDPM design. Removing
the discriminator leads to a noticeable degradation in performance, indicating its
importance in coordinating the independently predicted components produced by
local guidance. The adversarial objective encourages these components to be com-
bined into temporally smooth and coherent motion sequences. A significant drop in
performance is also observed when the root motion prediction is excluded. Global
movement trajectories encoded by the root play a crucial role in distinguishing inter-
class motion content, suggesting that realistic human motion generation strongly
depends on accurate trajectory modelling. Furthermore, eliminating the physical
regularisation terms, including velocity and acceleration losses, adversely affects
performance. These losses capture stylistic variations within the same motion cat-
egory, as differences in joint dynamics are primarily reflected through velocity and
acceleration patterns. Finally, removing the foot contact loss also results in infe-
rior performance. Estimating supporting foot patterns provides essential cues for

maintaining temporal smoothness and physical plausibility in generated motions.
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Table 4.3: Ablation study on multi-task architecture.
Model FID ({)
w/o foot loss 74.68
w/o root loss 118.20
w/o physical loss  139.44
w/o discriminator  106.29
Ours - full 56.73

4.10 Summary

Styled motion synthesis represents a fundamental yet challenging problem with wide-
ranging applications across animation, simulation, and interactive media. In this
work, we present an end-to-end framework that unifies human motion synthesis and
motion style transfer within a single pipeline. Instead of treating these two tasks in-
dependently, our approach jointly models inter-class motion content and intra-class
stylistic variation within a shared latent space. This unified formulation enables
more effective exploration of the coupled content—style distribution and yields im-
proved motion generation quality compared with conventional two-stage pipelines.

An important research direction concerns improving control over limb endpoints,
such as hands and feet, remains an open challenge. As illustrated in Fig. these
regions often exhibit subtle yet complex dynamics that are difficult for diffusion
models to capture accurately. While our approach incorporates foot contact estima-
tion and global trajectory modelling, future work may benefit from incorporating
stronger physics-based constraints or alternative guidance mechanisms to further

improve the realism and controllability of limb-end motions.

Figure 4.9: Punching is a challenging case.
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CHAPTER b

Diffusion Models for Adversarial Motion Generation

Portions of this chapter have previously been published or will be submitted to the

following peer-reviewed publications:

e Ziyi Chang, Kanglei Zhou, Xiaohui Liang, Hubert P. H. Shum, “Quality-
Advocating Imperceptible Adversarial Attack on Skeleton-based Human Ac-
tion Recognition,” under revision of IEEE Transactions on Circuits and Sys-

tems for Video Technology.

e Zhengzhi Lu, He Wang, Ziyi Chang, Guoan Yang and Hubert P. H. Shum,
"Hard No-Box Adversarial Attack on Skeleton-Based Human Action Recog-
nition with Skeleton-Motion-Informed Gradient,” in ICCV ’23: Proceedings
of the 2028 IEEE/CVFE International Conference on Computer Vision, pp.
4574-4583, Paris, France, IEEE/CVF, Oct 2023.

The goal of adversarial motion generation is to produce motions that are percep-
tually indistinguishable to human observers while causing a target model to make
incorrect predictions. To preserve perceptual consistency, intra-class variations need
to be exploited without altering inter-class semantic features. Existing methods typ-

ically rely on heuristic rules to define and generate intra-class variations, which often
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fail to disentangle intra-class variations from inter-class semantics and may conse-
quently undermine the latter. This chapter introduces a diffusion-based framework

for adversarial motion generation that facilitate imperceptibility.

5.1 Introduction

Adversarial attacks on skeletal human action recognition (S-HAR) have attracted
increasing attention due to concerns over the robustness of systems deployed in
safety-critical and human-centric applications, such as healthcare, action assessment,
and surveillance [39]. In this context, adversarial motion generation aims to mislead
S-HAR models while preserving perceptual realism, thereby exposing vulnerabilities
and improving system robustness [176,/177] of daily applications. For example,
assistive robotics involved in interactions with vulnerable users [178}|179] and social
robots that rely on human motion understanding to detect hazardous behaviours
and prevent accidents [180,(181] need to be robust enough for safety reasons.

From a perceptual perspective, successful adversarial motion generation requires
exploiting intra-class motion variations while strictly preserving inter-class semantic
features. That is, adversarial perturbations should remain within the natural varia-
tion of a given action class, such that human observers still perceive the motion as
belonging to the same action category. However, existing attack methods [114}|117]
typically rely on noise-like perturbations applied directly to skeletal inputs, which
often violate this constraint. As a result, intra-class variations become entangled
with inter-class semantics, leading to noticeable degradation in motion quality and
reduced imperceptibility [161},162].

This limitation is frequently masked by dataset noise [33}34,/182] and the limited
expressiveness of early classifiers [183-185]. Moreover, existing evaluation metrics
based on paired pre- and post-attack comparisons fail to faithfully assess post-attack
motion quality, as skeletal motions are sparsely distributed and local neighborhoods
are not guaranteed to be smooth or physically plausible [25]. With recent advances in
high-quality skeletal motion capture and reconstruction [186-188], such perceptual

artifacts have become increasingly evident.

66



We attribute the degradation of adversarial motion quality in prior work to two
fundamental issues. First, most attacks optimise paired losses on individual samples,
leading to a substantial gap between empirical risk and true risk [189,190]. Second,
gradient-based optimisation is driven by classifier decision boundaries that extend
beyond the true motion manifold, pushing perturbations outside the space of natural
intra-class variations and resulting in unsmooth, noise-like motions [191].

To address these issues, we propose a diffusion-based adversarial attack frame-
work that explicitly constrains adversarial optimisation within the data manifold.
By leveraging a diffusion model to learn the underlying motion distribution, our
method generates adversarial motions by exploiting intra-class variations under the
constraint of preserving inter-class semantics. This formulation reduces the gap be-
tween empirical and true risks and avoids noise-like perturbations. Furthermore,
to faithfully evaluate adversarial motion quality, we introduce a new smoothness
metric inspired by [192}/193].

Extensive experiments demonstrate that the proposed method achieves the bet-
ter quality when attacking four state-of-the-art S-HAR classifiers on both a high-
quality dataset (100STYLE [134]) and a widely used benchmark (HDMO05 [194]).
User studies further confirm that our adversarial motions are least perceptible to
humans. We also conduct ablation studies on diffusion model configurations and
generative design choices. Code is available at https://github.com/mrzzy2021/

QualityPreservingAttack. Our contributions are summarised as follows:

e We identify a previously overlooked limitation in S-HAR adversarial attacks,
where existing methods fail to disentangle intra-class motion variations from

inter-class semantics, resulting in perceptible adversarial motions.

e We propose a diffusion-based, distribution-driven adversarial attack framework
that exploits intra-class variations under the constraint of preserving inter-class

semantic features, enabling imperceptible adversarial motion generation.

e We introduce a smoothness metric to faithfully assess adversarial motion qual-

ity and reveal vulnerabilities that existing evaluation metrics fail to capture.

67


https://github.com/mrzzy2021/QualityPreservingAttack
https://github.com/mrzzy2021/QualityPreservingAttack

5.2 Distribution-based S-HAR Attack Method

This section presents a distribution-based adversarial attack framework against
skeleton-based human action recognition (S-HAR) systems. We first analyse the
origin of noise-like perturbations in existing attack methods and motivate the incor-
poration of data distributions into adversarial optimisation via a generative diffusion
latent (Section . We then introduce an attack strategy that leverages this la-
tent to achieve better adversarial motion generation in Section [5.2.2]

5.2.1 The Diffusion Latent for Intra-Class Variation

The Risk Gap of Previous Optimization The noise-like perturbations ob-
served in prior S-HAR attacks primarily arise from a mismatch between empirical
risk and true risk. Empirical risk is defined over a finite set of observations, whereas
true risk is the expectation over the underlying data distribution [189]. In ad-
versarial attacks, optimisation is typically performed on a single motion instance,
resulting in a severe risk gap [190]. This mismatch drives optimisation toward spu-
rious directions, producing noise-like perturbations that degrade post-attack motion

quality [191].

Constructing Generative Diffusion Latent To reduce the risk gap and the
degradation of motion quality, we introduce a distributional latent derived from
generative diffusion models. Diffusion models provide semantically structured latent
spaces that capture motion distributions across different noise levels [195], making
them well suited for constraining adversarial optimisation within natural intra-class
variations. Compared with discriminative models [196] or VAEs [72], diffusion mod-
els offer a richer hierarchical representation of motion distributions.

Instead of optimising adversarial perturbations directly in the sparse original
data space where smooth motions are unevenly distributed |25], we perform optimi-
sation in the stochastic latent space of diffusion models, as illustrated in Fig. [5.1]
This latent space is approximately smooth [197] and enables adversarial modifica-

tion while preserving inter-class semantics. By mapping a pre-attack motion to a
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Figure 5.1: The visualization of diffusion latents at different timesteps. As shown, the
earlier timesteps maintain more low-level details, the later timesteps focus on high-level
structures until latents become pure noise.

latent distribution, the empirical risk is effectively evaluated over infinitely many
samples drawn from the distribution, rather than a single instance.

Specifically, we construct a latent proxy consisting of a posterior mean and a
stochastic regularisation term. The forward diffusion process maps a pre-attack

motion Xy to a distribution:

p(xer1/x0) = N (y/ari1xo, (1 — aeg1)l), (5.1)

where x;,1 is a stochastic latent sample. We then consider a single reverse diffusion

step to obtain a manipulable latent:

P(X¢|X411,%0) = N(Na o), (5.2)

where the posterior variance is fixed by the noise schedule and the posterior mean
w; encodes the denoising direction. Using Tweedie’s formula [198], the posterior

mean can be expressed as:

e = X0 + Mer + 0,V 1og po(Xe41,y), (5.3)

where ¢, ~ N (0,1). The first term preserves inter-class semantic content, while the
distributional term aligns the optimisation with the learned motion manifold. Unlike
prior attacks that impose point-wise constraints in data space, we regularise the

adversarial process over the latent distribution x; ~ p(x;|X¢), explicitly constraining
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intra-class variation.

The final latent representation used for adversarial optimisation is defined as

Ky = I,l,t + Xt (54)

Discussion The proposed distributional latent is derived from the data distribu-
tion rather than an individual motion sample. Compared with deterministic la-
tents [55], stochastic diffusion latents provide higher expressive capacity [195] and
guide optimisation toward high-density regions of the motion manifold. By operat-
ing on a single denoising step, the attack remains efficient while sampling different
timesteps enables the exploitation of diverse intra-class variations. This formulation
allows adversarial optimisation to remain within the natural motion distribution,
achieving imperceptibility of adversarial motions.

Despite their effectiveness, latent-based approaches also potentially introduce
several limitations. A primary drawback is the potential loss of fine-grained motion
details when motion data are encoded into a latent space. This mapping can lead
to over-smoothing or reduced diversity, particularly for subtle execution-level vari-
ations. In addition, the learned latent representation may be difficult to interpret,
making it challenging to explicitly control or diagnose specific motion attributes.
Latent-based models are also sensitive to the choice of latent dimensionality and/or
regularisation strength, which can affect both training stability and generation qual-
ity. Furthermore, errors introduced in the latent space can propagate through the

decoding process, potentially amplifying artifacts in the generated motions.

5.2.2 The Attack Strategy for Diffusion-Driven Attack

Overview of Strategy To leverage the diffusion latent space for adversarial
attacks, we propose perturbing the source motion observation by randomly sam-
pling different class labels rather than relying on the gradient of a specific classifier

[114,|120}|125], which has been commonly used in this field. This is not only be-
cause obtaining the gradient of a specific classifier is challenging in real-world ap-

plications [125], but also because the gradient of a classifier may not be reliable. As
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classifiers focus on the label distribution rather than data distribution, their gradient
may point to out-of-distribution regions. While following this gradient achieves the
shortest trajectory of deceiving classifiers, it leads to a decline in post-attack motion
quality and undermines the imperceptibility. As a result, we design our method to
only rely on the classifier’s decisions to determine when to stop and drive the mo-
tion towards adversarial samples by sampling adversarial labels for the conditional

diffusion model.

Optimization Objective Specifically, we denote the stochastic distributional la-

tents of the source motion observation and the adversarial motion as k{™ and k24,

The source motion and the adversarial motion are mapped to the latent space by the

diffusion forward process and then the desired posterior mean are obtained within

Src

a single timestep denoising conditioned on the ground truth label y* and the ran-

adv

domly sampled the adversarial label y**V from the set of all possible labels excluding

the ground truth label, respectively. The regularizer is obtained through the forward

process. We define our objective function as follows:

Lr, =0.5 x By, [[|&3% — k5|12],

adv src adv src 55
05 % By | ™ — i+ (0 — x| 55

i

Vv R
latent regularization

where k5™ and k2! are our defined latents and serve as proxies for adversarial

attack. The first term, k34", represents the direction towards being adversarial, while
the second term, x3d¥, represents the direction of maintaining the representative
information within the original class. Our optimization objective is an expectation
over the diffusion timesteps t and the stochastic distributional latent, indicated by
the randomly sampled noise € in the forward process where information is encoded
into the latent space of the diffusion model.

By minimizing the defined object, our optimization aligns the stochastic distri-

butional latents of the source and the adversarial motions. Specifically, we calculate
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Algorithm 1 Diffusion-based Adversarial Motion Attack on S-HAR
Require: Diffusion model 0, a classifier ¢, a motion x{¢ with label y € Y, maxi-
mum iteration I, diffusion timesteps T’

1: ng" — xp°¢

2: 1+ 0

3y v LY / yore > Randomly sample an adversarial label
4: while i < I and y*™ # y** do

5: t~[1,T]

6: H;rc — Mt (X%rc7 ysrc; 9) + Xirc

7 K,?dv = I (ngv7 yadv; 0) + X?dv

8: grad = K2V — 5t

9 Xadv — Xadv + grad
10: yPred = arg max p@(ylxadv) > Get classifier decision
11: end while

the gradient of £,, with respect to k?4¥ and obtain our adversarial gradient:

grad :=VL,,
(5.6)
:]Et,et [K?dv _ Hirc} ’

on which we rely to iteratively update the x34v. The Eq. facilitates the adversar-
ial effect. Instead of directly requiring the paired pre-attack and post-attack motions
to be close with each other in data space, our optimization aligns the latent distri-
bution of pre-attack and post-attack motions. Constraining the two distributional
latents k24 and k5™ promotes that the latent distributions of x3% and x§ re-
main closely aligned rather than merely examine the pre-attack and the post-attack
motions and rely on the gradients from an external classifier. Our optimization
represents a single timestep examination, which is different from a multi-timestep

adv - By optimizing over the expectation of ran-

generative process conditioned on y

domly sampled timesteps, the trajectory defined by the posteriors is expected to be

closely aligned with each other. Consequently, our attack strategy facilitates the

generation of x34¥ that corresponds with y*¥" to deceive the target model, while
src

simultaneously reducing the influence on the quality of x§™. Detailed adversarial

attack methodology is provided in Algorithm [I] and Fig.

Relationship with Previous Optimization We further demonstrate that our

proposed method implicitly integrates previous approaches while additionally offer
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Figure 5.2: The illustration of attack strategy. We illustrate an intermediate calculation
at the timestep ¢ during the optimization of achieving the final adversarial motion xj.

the advantage of distributional prior knowledge provided by a pre-trained diffusion
model to minimize the risk gap. The Eq. is equivalently represented using
the input motion and the learned distribution, from which the following detailed

formulation is derived:
. adv src
grad := [, [/it — Ky }

=B, |0 x5 —x5° )
—_——

Distance Function
in Original Space

() (V1og (™) — Vlog p(x™))

~
Distribution Constraint

+ (y logp(yadv|x'?dv) o y logp<ysrc|xircz> 7

VvV VvV
Adversarial Representiveness
radient of the Given Input

where we decompose the probability with Bayes’ theorem. The four terms serve
distinct yet complementary purposes in our objective function. The first term
demonstrates a similar measurement to previous attack methods, ensuring that the
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adversarial sample does not deviate excessively from the input sample. However,
our ability of reducing the influence on quality, which distinguish our method from
previous methods, is ensured through the remaining terms. Unlike traditional ad-
versarial optimization, which considers only an individual motion pair as shown in
the first term, our perturbation strategy provides the modification gradient based on
data distributions that are composed of infinite motions. The second term measures
the distribution density and ensures that the adversarial motions remain not only
neighborhood but also high density area. The third term considers the adversarial
gradient while the fourth term involves the representativeness of the observed sam-
ple as a consideration for the range of pre-attack motion neighborhood by evaluating
how representative the given input is with respective to the label. These consider-
ations leverage the distributional prior knowledge and enables better quality under

adversarial modifications.

5.3 Perception Aligned Smoothness Metric

In this section, we examine previous metrics and formulate the proposed metric to
faithfully measure the quality of generated adversarial motions in terms of smooth-

ness.

Unfaithfulness of Existing Metrics The evaluation of existing metrics fails to
accurately measure quality. Previous metrics rely on paired comparisons between
the pre-attack and post-attack motions to assess quality, especially smoothness [114].
However, remaining within the neighborhood of a pre-attack motion does not ensure
motion quality comparable to clean motions because smooth and plausible motions
are sparsely distributed [25]. Consequently, these metrics cannot reliably determine
whether adversarial motions are sufficiently smooth due to their misalignment with

human perception.

Human Perception Aligned Metric Human motion exhibits characteristic tem-
poral regularities. As a result, real-world movements tend to be smooth and con-

tinuous over time, without abrupt changes in joint trajectories. Motivated by these
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observations, we introduce a smoothness-based metric to assess the temporal regu-
larity of generated adversarial motions from a kinematic perspective. The proposed
metric operates directly on joint trajectories and captures high-order temporal vari-
ations that are indicative of abrupt or irregular motion.

Specifically, we define the following smoothness measure:

1 [T
smoothness = — /
T Jo

d*J(t)
dt

|, (53)

where T' denotes the temporal length of the motion sequence and J(t) represents
the joint positions at time ¢. Higher values correspond to stronger high-frequency

temporal variations, indicating reduced smoothness in the motion.

5.4 Experiments

In this section, we begin by outlining the experimental settings. Subsequently, we
quantitatively and qualitatively analyze the performance of our proposed method
and existing adversarial techniques. Finally, we perform a user study to empirically
evaluate the imperceptibility of post-attack motions and also ablation studies to

validate our configurations.

5.4.1 Experimental Settings

Datasets To evaluate our imperceptible adversarial attacks, we select the 100STYLE
[134] dataset due to its noise-free and inherently high-quality characteristics. The
100STYLE dataset is collected using a motion capture system and comprises 100
classes of different styles. We represent the skeletons using Cartesian coordinates for
23 joints. This dataset is pre-processed by segmenting long sequences into several
segments according to the valid periods provided by [134]. Additionally, we employ
the HDMO5 [194] dataset to evaluate our method on a smaller scale dataset. Al-
though HDMO5 is commonly used for action recognition tasks, it has slightly lower
quality compared to 100STYLE. We adhere to the pre-processing procedure out-
lined in |114]. The HDMO05 dataset includes 65 classes of different human actions,
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and the hip joint is fixed to the origin after pre-processing.

Evaluated Models Given the significant advancements in the field of human ac-
tion recognition, we adopt the latest S-HAR models as victim classifiers to effectively
evaluate the performance of adversarial attack methods against advanced classifiers.
Specifically, we select the Style classifier [199], STTFormer [200], Skateformer [201],
and FR-Head [202] as victim models. These models encompass both transformer-
based and graph-based architectures. We utilize their publicly available codebases

to train their models.

Evaluation Metrics Human motions are governed by physical and biomechanical
constraints, thereby necessitating the assessment of visual motion quality in terms
of smoothness and plausibility [1]. To evaluate the motion quality in adversarial
attacks, we introduce the smoothness metric, as discussed in Section [5.3 which is
grounded in the characteristics of smooth human movements. Additionally, we re-
port the Frechet Inception Distance (FID) and Maximum Mean Discrepancy (MMD)
based on acceleration to measure the smoothness by assessing the distributional sim-
ilarity between pre-attack and post-attack motions. As for plausibility, we report
the foot skating ratio and bone length variations between frames. Following [35],
foot skating is quantified by the consistency between foot velocity and foot height. A
high foot skating ratio indicates significant violation in terms of physical constraints.
Bone length variation [203] measures the consistency of bone lengths across frames.
Higher deviations indicating distortions in the skeleton structure. Finally, we report

the success rate of the adversarial attacks to evaluate the threatfulness.

Attacking Methods We compare our method with the state-of-the-art (SOTA)
S-HAR attack technique, i.e. SMART [114], as well as other adversarial attack
methods including I-FGSM [204], MI-FGSM [122], and MIG [205]. To ensure a
fair comparison, we execute 2000 iterations for each attack method, allowing all
methods to explore a broader solution space in their pursuit of effective adversarial
motions. Since our method requires a pre-trained diffusion model, we adopt the

diffusion model proposed by [206] and follow the prescribed settings to pre-train it
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on the two datasets.

5.4.2 Adversarial Motion Quality Evaluation

We qualitatively and quantitatively evaluate the performance of adversarial attack
in terms of deceitfulness, motion quality including smoothness and plausibility, and
human imperceptibility. Deceitfulness measures the effectiveness of an adversarial
method. In addition to deceitfulness, motion quality assesses whether the adver-
sarial motions are plausible and smooth, and serves as an indicator for impercep-
tibility. Beyond analytical measurements, a user study is essential for evaluating
human imperceptibility, as this property fundamentally concerns human perception
rather than purely numerical differences. While quantitative metrics can charac-
terise statistical or kinematic deviations between motions, they cannot fully capture
whether such differences are perceptible to human observers. Imperceptibility in
the context of adversarial attack refers to the extent to which humans are unable
to distinguish between pre-attack and post-attack motions when they are presented
together. A user study therefore provides critical validation by directly assessing
perceptual indistinguishability, complementing analytical evaluations and ensuring
that the generated adversarial motions remain visually and perceptually plausible.

For simplicity, we present only representative results in this chapter.

Deceitfulness The success rates presented in Table indicate that our method
is the most deceitful compared with other methods on the 100STYLE dataset. Our
method consistently achieves an average success rate of 100%. Our attack effectively
modifies nearly every input to become adversarial without relying on the gradient
of victim model within a limited number of iterations. In contrast, other methods
may struggle to generate adversarial motions within iteration constraints. This
demonstrates that the stochastic latent features convey comprehensive information
[207] about the underlying dynamics via different timesteps while the information

cannot be easily represented in the original motion space.
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Table 5.1: Generated Adversarial Motion Quality Comparison on 100STYLE
dataset. FID is the Fréchet inception distance. MMD is the maximum mean dis-
crepancy. Phys. Nat. stands for physiciological smoothness. FS means the ratio
between the frames with foot sliding and total frames. Bone Variation calculates
the differences of bone lengths in two consecutive frames.

Victim Method Success Rate +  FID | MMD | Phys. Nat. | FS | Bone Variation |
I-FGSM 81.72% 194.95 0.053 129.42 0.147 10.96
MI-FGSM 82.08% 195.22 0.053 131.33 0.147 11.16
Style [199] MIG 70.61% 238.23 0.071 264.46 0.234 23.22
SMART 42.65% 242.12 0.072 97.73 0.119 4.00
Ours 100% 18.91 0.011 16.05 0.075 2.94
I-FGSM 80.29% 162.55 0.043 190.98 0.196 19.28
MI-FGSM 80.29% 162.78 0.043 191.10 0.197 19.29
STTFormer [200] MIG 72.76% 190.75 0.050 280.56 0.241 27.63
SMART 29.39% 195.06 0.053 103.56 0.167 3.92
Ours 100% 20.28 0.013 16.42 0.077 3.09
I-FGSM 68.46% 79.63 0.019 43.90 0.053 4.53
MI-FGSM 68.82% 79.06 0.019 44.70 0.053 4.61
SkateFormer [201] MIG 60.22% 102.77 0.026 70.72 0.069 7.30
SMART 31.90% 125.46 0.030 29.32 0.047 1.60
Ours 100% 20.16 0.014 16.33 0.079 2.99
I-FGSM 86.38% 226.80 0.068 312.90 0.276 25.65
MI-FGSM 86.74% 226.67 0.068 316.77 0.280 26.08
FR-Head [202] MIG 78.14% 242.85 0.075 489.37 0.396 38.12
SMART 32.97% 262.75 0.100 214.63 0.301 6.33
Ours 100% 19.13 0.011 16.75 0.084 3.23
I-FGSM 79.21% 165.98 0.046 169.3 0.168 15.11
MI-FGSM 79.48% 165.93 0.046 170.98 0.169 15.29
Average MIG 69.34% 193.65 0.056 276.28 0.235 24.07
SMART 34.23% 206.35 0.064 111.31 0.159 3.96
Ours 100% 19.62 0.012 16.39 0.079 3.06
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Motion Quality Regarding smoothness, the FID and MMD scores in Table
show that the distribution of our generated motions closely resembles that of smooth
motions, whereas other methods exhibit significant distributional deviations. Our
adversarial motions maintain proximity to the ground truth distribution of motion
dynamics by a considerable margin. The lowest FID and MMD scores indicate that
our adversarial motions are indistinguishable from those in the ground truth dataset.
In other words, the post-attack motion quality are better because our method lever-
ages the distributional knowledge introduced by the pre-trained diffusion model.
By utilizing data distribution, our method minimizes the gap between empirical
and true risks by assessing deviations between the modified motions and the data
distribution. Conversely, other methods can only access single source motions, and

disrupt the smoothness of post-attack motions, resulting in much higher FID and

MMD scores.
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Figure 5.3: The mean power spectral density of adversarial samples found on
100STYLE (upper row) and HDMO05 (lower row) against four classifiers.

Smoothness reflects whether adversarial motions conform to smooth movements
from the biomechanical perspective of muscle activation. Our method achieves the
best performance by a large margin, as shown in Table 5.1 This indicates that even
after adversarial attacks, our generated motions retain plausible movements that
real-world humans can physically perform. To further evaluate smoothness, as illus-

trated in Fig. [5.3) we present the mean power spectral density (PSD) of adversarial
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samples. The spectral density of our post-attack motions in the high-frequency
domain is significantly lower than that of other adversarial motions. Besides, our
spectral density closely aligns with the ground truth curve. This suggests that our
adversarial motions suffer from few noise-like perturbations because we minimize
empirical risk over the data distribution rather than a single sample.

We further compare the effect of explicitly regulating motion dynamics with
respect to a given sample in SMART and implicitly regulating motion dynamics
through data distribution in our diffusion-based method. Fig. displays the ac-
celeration changes of a sample for comparison. Our method introduces modifica-
tions that are not only smaller in magnitude but also smoother and more consistent,
whereas SMART does not perturb the motion coherently and consistently. These
results imply that minimizing empirical risk over only a given sample leads to de-
viations from the smooth motion distribution and results in the post-attack quality
decline.
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Figure 5.4: The visualization of acceleration changes.

In terms of physical plausibility, the foot sliding ratio and bone length variation
in Table demonstrate that our generated adversarial motions exhibit superior
movement coherency and skeletal consistency compared to other methods. The foot
skating ratio indicates the coherence of movements concerning foot contact with the
ground. Our method achieves the lowest foot skating ratio, suggesting that post-
attack movements are still well synchronized. This is attributed to our method’s

ability to minimize the risk gap through the integration of data distribution rather
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than relying on a single sample. Additionally, our adversarial motions exhibit the
lowest variation in bone lengths, maintaining consistent skeletal structures across
frames. By leveraging access to the data distribution rather than individual samples,

our method ensures that modifications preserve cross-frame skeletal integrity.

Table 5.2: Generated Adversarial Motion Quality Comparison on HDMO05 dataset.
FID is the Fréchet inception distance. MMD is the maximum mean discrepancy.
Phys. Nat. stands for physiciological smoothness. Bone Variation calculates the
differences of bone lengths in two consecutive frames.

Victim Method Success Rate +  FID | MMD | Phys. Nat. | Bone Variation |
I-FGSM 93.91% 129.78 0.086 1226.33 126.39
MI-FGSM 93.91% 129.79 0.086 1226.98 126.46
Style [199] MIG 92.47% 194.33 0.170 2273.09 238.34
SMART 68.46% 142.39 0.116 1052.44 41.00
Ours 100% 22.91 0.012 187.28 32.15
I-FGSM 86.74% 162.98 0.124 1488.08 144.97
MI-FGSM 86.74% 163.18 0.125 1487.92 144.95
STTFormer [200] MIG 76.34% 202.24 0.188 1945.83 189.95
SMART 75.63% 174.86 0.129 974.33 33.30
Ours 100% 21.89 0.011 185.73 30.31
I-FGSM 83.87% 36.66 0.022 521.52 54.50
MI-FGSM 84.23% 36.83 0.022 523.93 54.83
Skateformer [201] MIG 78.14% 57.59 0.037 692.53 78.87
SMART 65.59% 50.84 0.028 364.26 13.54
Ours 100% 18.67 0.011 181.89 28.09
I-FGSM 96.06% 169.34 0.124 1902.39 177.91
MI-FGSM 96.77% 169.96 0.126 1920.98 179.56
FR-Head [202] MIG 92.47% 215.88 0.206 2757.84 243.96
SMART 81.72% 211.88 0.173 1574.95 55.46
Ours 99.28% 20.80 0.013 182.96 31.07
I-FGSM 90.15% 124.69 0.089 1284.58 125.94
MI-FGSM 90.41% 124.94 0.090 1289.95 126.45
Average MIG 84.86% 167.51 0.150 1917.32 187.78
SMART 72.85% 144.99 0.112 991.50 35.83
Ours 99.82% 21.07 0.012 184.47 30.41

We also achieve the best performance on the HDMO05 dataset, as shown in Table
Our method successfully fools all systems with an average success rate of
99.82%. This further validates the efficacy of our attack method even when the data
quality and amount are not as high as that of the 100STYLE dataset, demonstrating
its threatfulness to such systems. Moreover, the distribution of our adversarial
motions closely aligns with the ground truth dataset, evidenced by the lowest FID
and MMD scores. This validates that our adversarial motions are as smooth as pre-
attack motions. Besides, smoothness indicates that our generated motions adhere
to real-world biomechanical constraints. Since the HDMO05 dataset data have been

centered to the origin of the coordinates, we do not report the foot skating ratio for
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this dataset. Additionally, our method achieves superior motion plausibility with
the lowest bone length variation. Both the best physical plausibility demonstrate

that our method achieves better quality of adversarial motions.

Human Imperceivability We visualize the trajectories of joints in adversarial
motions generated by our method and previous methods in Fig. against the four
victim models. In real-world smooth movements, joint trajectories are typically
smooth and stable. As shown in Fig. our method produces the most stable
and smooth trajectories for all joints in the adversarial motions. By minimizing the
risk gap over the data distribution rather than a single motion, our optimization
results do not introduce noise-like perturbations, whereas other methods suffer from
significant gaps by optimizing over a single input. Consequently, the noise-like
perturbations lead to a decline in the post-attack motion quality with observable

unstable trajectories and undermines imperceptibility.
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Figure 5.5: Visual comparison among the adversarial motions generated by different
attack methods against victim models. We visualize the starting and the ending poses
in red, the trajectories of all joints in blue, and the ground floor in grey. Our adversarial
motions exhibit the most smooth and stable trajectories.

Additionally, we recruited volunteers without visual impairments from diverse

backgrounds and a balanced gender representation. They participate in question-
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naires to evaluate the imperceptibility of our adversarial samples. We provided
participants with batches of motions from the same label, which pre-attack motions
and post-attack motions generated by our method are mixed together. Participants
are asked to select the motions they consider most likely to have potentially been at-
tacked without any time constraints. As illustrated in Fig. our method produces

adversarial motions that are the least perceivable by humans.
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Figure 5.6: Perceptibility comparison across different methods.

5.4.3 Ablation Study

Given that our method is based on the latent space of a diffusion model, we first
perform an ablation study to investigate the influence of the chosen timesteps in con-
structing the stochastic latent space. Secondly, we examine the impact of different
latents used for adversarial attacks to determine which latent is the most suitable for
the quality-advocating imperceptible attack task. Finally, we validate the choice of
diffusion models by exploring alternative generative models for quality-advocating

adversarial attack.
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Table 5.3: The quality of adversarial motions generated via different variants and
configurations. FID is the Fréchet inception distance. MMD is the maximum mean
discrepancy. Phys. Nat. stands for physiciological smoothness. F'S means the ratio
between the frames with foot sliding and total frames. Bone Variation calculates
the differences of bone lengths in two consecutive frames.

Variants Config. Success Rate ©  FID | MMD | Phys. Nat. | FS ] Bone Variation |
Timeste (1, 20] 100% 14.01 0.007 13.28 0.090 3.22
P [980, 1000] 100% 26.14 0.017 30.37 0.050 1.62
Latent Kt 100% 18.91 0.011 16.05 0.075 2.94
X0 100% 19.26 0.011 56.70 0.083 3.31
Architecture Diffusion [206] 100% 18.91 0.011 16.05 0.075 2.94
VAE |72] 96.06% 198.00 0.056 1058.08 0.083 214.75

Timestep of Stochastic Latent Space

We investigate the impact of different timestep ranges used to map motions from
data space to diffusion latent space for adversarial attacks. It has been shown that
the information encapsulated by the latents have smooth transitions with respect to
the diffusion timesteps [208,209], we conduct experiments using two representative
timestep ranges: the earliest timestep range (¢t ~ [1,20]) and the latest timestep
range (¢t ~ [980,1000]) for comparison.

A trade-off exists between motion smoothness and plausibility, as shown in Table
[5.3] This trade-off effect arises from the different emphasis on information encoded in
the latents. Generally, latents derived from earlier timesteps primarily capture low-
level details, while those from later timesteps focus on high-level structural patterns
[210]. Utilizing earlier timesteps to construct the stochastic distributional latents is
biased toward detailed movements, with a reduced understanding of global coherency
and consistency. This bias enhances smoothness by conveying motion dynamics.
However, it also exacerbates foot skating and bone length variation due to the lack of
global rationality in the latents. Conversely, constructing the distributional latents
using later timesteps undermines smoothness, as the generated adversarial motions

deviate from the smooth distribution, leading to higher FID and MMD scores.

Alternative Latents for Attack

We examine the influence of different latents used for our quality-advocating ad-

versarial attacks. Specifically, we compare the constructed latent with the pre-
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dicted pre-attack data as the latent for adversarial attack. The constructed latent
K evaluates the required perturbations based on a single timestep of denoising with
regularization, and allows for step-by-step motion modifications. In contrast, the
predicted pre-attack data X represents modifications along the entire chain of pre-
vious timesteps with approximation. We conduct experiments to determine whether
the constructed latent is more effective to advocate post-attack motion quality than
leveraging the predicted pre-attack data.

As shown in Table [5.3] using the predicted pre-attack data as the latent leads
to a consistent decline in all performances of adversarial attack. Although both
latent choices achieve the same success rate, the quality of adversarial motions de-
teriorates significantly when switching from the constructed latent to the predicted
data. This deterioration stems from the approximation error when calculating the
required latents. The predicted X is derived from the x;,1 by approximating all pre-
vious timesteps {i}!_; collectively, thereby ignoring information from intermediate
timesteps. Conversely, the constructed latent x;, also derived from the x;,;, consid-
ers only the desired changes within a single timestep. This finer-grained modification
enhances the quality during adversarial attacks by integrating fewer approximation

eITors.

Alternative Distribution Modeller

Given that our attack method is based on generative models, we explore the use
of alternative generative architectures. Similarly, we utilize their latent spaces to
modify motions adversarially. Specifically, we conduct experiments using either
diffusion models or variational autoencoders (VAEs). We train the VAE with label
conditions following the architecture and training configurations outlined in [72].
To maintain consistency with our use of the posterior mean as latents, we employ
the mean of the latent distribution in the VAE. All other configurations remain
consistent with those used in our diffusion-based method.

As shown in Table [5.3 the performance of adversarial attacks using a VAE
model significantly declines compared to our diffusion-based method. It indicates

that effective motion modification requires a comprehensive representation of under-
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lying patterns. In contrast to diffusion models, VAEs utilize a single latent feature
rather than a hierarchy of features. Consequently, using a single latent feature in
VAES results in ambiguity regarding motion dynamics and leads to under-expressed
movement coherency and consistency.

In addition to quantitative results, we present qualitative visual comparisons in
Fig. to illustrate the effects of different ablation settings. Using latent represen-
tations from timesteps that are either too early or too late results in slight jittering
in the right hand, while directly operating on x; leads to a more pronounced degra-
dation in overall motion quality. Furthermore, replacing the diffusion model with a
VAE introduces severe jitter artefacts, highlighting the critical role of the diffusion

latent space in producing stable and realistic motions.

Ours (Diffusion) Ours@I[1, 20] Ours@[980, 1000] X¢ VAE

Figure 5.7: Qualitative comparison of ablation results. The yellow rectangles high-
light key differences between variants, particularly in motion smoothness. Compared
with Ours, Ours[1,20] and Ours[980,1000] exhibit jitters on the right hand. Com-
pared with Ours, using Z; leads to larger trajectory changes of the right hand and
the right foot. Compared with Ours, VAFE leads to heavy jitters.

5.5 Summary

We propose a novel attack application that imperceptible adversarial motions are
achieved with better post-attack motion quality. Additionally, we introduce a
distribution-based adversarial attack method targeting skeleton-based human ac-
tion recognition (S-HAR) systems by minimizing the optimization gap inherent in
previous approaches. Our method integrates a generative diffusion model, wherein

the posterior mean of single timestep denoising with regularization is constructed as
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the proxy to fulfill our attack strategy. To faithfully assess the smoothness of adver-
sarial motions, we develop a new metric aligned with human perception of smooth
real-world human movements. We evaluate the quality of adversarial motions in
terms of threatfulness, motion quality, and imperceptibility, demonstrating that our
adversarial motions achieve superior performance across these metrics. The success
of our proposed quality-advocating attack application and distribution-based attack
method raises significant concerns regarding the robustness of action recognizers,
highlighting the necessity for further enhancements in this area.

While achieving smooth adversarial motions, our approach presents opportuni-
ties for future research. As shown in our experiment, there exists a trade-off in
motion quality with respect to the timesteps of the diffusion model. Future work
can potentially investigate the influence of trading-off post-attack motion quality on
different S-HAR systems. Our proposed smoothness focuses on the perspective of
motion smoothness. Future work can potentially integrate the research field of action
quality assessment [211,212] and character animation [213] for more comprehensive
motion quality measurements as well as constraints. Although this work aims to
reduce the extent of quality degradation introduced by the proposed constraints,
there exist an inherent trade-off between introducing adversarial perturbation and

retaining motion quality.
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CHAPTER 6

Diffusion Models for Multi-Character Interaction Generation

Portions of this chapter have been published in the peer-reviewed publication:

e Ziyi Chang, He Wang, George Koulieris, and Hubert P. H. Shum. 2025.
Large-Scale Multi-Character Interaction Synthesis. In Special Interest Group
on Computer Graphics and Interactive Techniques Conference Conference Pa-
pers (SIGGRAPH Conference Papers '25), August 10-14, 2025, Vancouver,
BC, Canada. ACM, New York, NY, USA, 10 pages. https://doi.org/10.
1145/3721238.3730750

The goal of multi-character interaction generation is to synthesize realistic in-
teraction scenes that reproduce the real-world behaviours of interaction groups.
Interactions among multiple characters exhibit not only interaction semantics (i.e.,
inter-class variations) but also coordination among agents (i.e., intra-class varia-
tions), which has been overlooked by previous works and hinders the realism of gen-
erated interactions. This chapter introduces the first framework for multi-character
interaction generation that learns and exploits temporal intra-class variations in the
form of transitions between interactions groups under the constraint of inter-class

semantic features to achieve realistic multi-character interaction scenes.
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6.1 Introduction

Generating large-scale multi-character interactions is challenging due to the need
to model both interaction structure and temporal coordination. Existing work pri-
marily focuses on modelling inter-class interaction patterns, i.e., different interac-
tions [36},214]. While effective for synthesising isolated interactions, these approaches
largely ignore intra-class temporal variation, namely how interactions evolve over
time through partner changes and transitions.

Existing methods are limited in their ability to exploit intra-class temporal vari-
ation under the constraint of inter-class interaction features. In realistic scenarios
such as social dancing, characters do not remain within fixed interaction pairs. In-
stead, they continuously transition between interaction partners based on spatial
and temporal context [7]. These transitions represent a form of intra-class variation
constrained by the underlying interaction structure. However, current interaction
generation methods either restrict attention to two-character settings [36] or assume
sparse [215] and passive [216] interactions in larger groups [217], thereby failing to
model coordinated transitions in dense multi-character environments. Addressing
this limitation requires not only generating plausible interactions, but also explic-
itly modelling how interactions transition and reconfigure over time in a scalable
manner.

Large-scale multi-character interaction synthesis faces two challenges. The first
challenge is the lack of data. Existing datasets for interactions [36] focus on two
characters and do not consider coordinated interactions. Existing datasets for crowd
simulation [217] do not contain dense and close interactions. Capturing such a
dataset for our task would be time-consuming and labour-intensive, which becomes
unmanageable as the number of characters scales up. The second challenge is to
plan dense and close interactions based on spatial and temporal context for multi-
ple characters. Scheduling suitable interactions for multiple characters is a highly
correlated problem. In the temporal domain, previous coordination could heavily
influence the interactions that follow, and in the spatial domain, the difficulty of
planning increases with the increasing number of characters.

We propose a generative pipeline for large-scale multi-character interaction syn-
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thesis that explicitly separates interaction synthesis from transition planning. Intra-
class temporal variations are facilitated through a coordinatable interaction space
that supports multiple characters and are modelled via a transition planning policy.
In the absence of large-scale multi-character data, we decompose multi-character
interactions into multiple two-character groups, each modelled using a pre-trained
two-character interaction diffusion model. This decomposition allows the learned
two-character interaction manifold to be generalised to multi-character settings with-
out requiring additional data. Importantly, the grouping strategy is independent
of the number of characters and therefore scales naturally to larger groups. To
model temporal intra-class variation in coordinated interactions, we introduce a
transition planning network that predicts high-level transition plans in the form of
re-grouping decisions among characters. As the planning operates at an abstract
level, it is motion-agnostic and transferable across different motion types. Train-
ing is conducted using reinforcement learning, where the coordinatable interaction
space serves as the environment and the transition planner acts as the policy net-
work. Transition smoothness and transition diversity are defined as reward signals
to guide learning.

We train the proposed method using a two-character dancing subset from the
InterHuman dataset [36], and evaluate its scalability by synthesising interactions
involving a larger number of characters, as well as its transferability to other motion
types. Transition smoothness and hip distance are used as evaluation metrics. Ex-
perimental results demonstrate that the proposed framework generalises effectively
to large-scale multi-character settings and different motion domains.

The main contributions of this work are summarised as follows:

e We introduce a scalable framework for large-scale multi-character interaction
synthesis by decomposing coordinated interactions into interaction synthesis

and transition planning.

e We propose a data-efficient learning strategy that combines a pre-trained two-
character diffusion model with a transition planning network, enabling the
learning of coordinated multi-character interactions via deep reinforcement

learning without requiring dedicated multi-character datasets.
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6.2 Problem Formulation

Our objective is to synthesise large-scale multi-character interactions in the absence
of dedicated training data. To this end, we decompose coordinated interactions into
two complementary components: interaction synthesis for maintaining inter-class
semantics and transition planning for modelling intra-class temporal variations. In-
teraction synthesis focuses on generating plausible interactions among multiple char-
acters within a shared interaction space, whereas transition planning aims to coor-
dinate interaction changes involving close and dense multi-character interactions.

We represent interactions using full-body poses and short motion clips. Full-body
pose representations are adopted to capture social cues that are essential for realistic
interaction modelling and transition planning [218]. To explicitly model temporal
coordination, motions are represented as short clips containing several consecutive
frames, which provide contextual information beyond single-frame poses and help
infer character intent for upcoming transitions.

Specifically, we denote multi-character interactions as
Mllzzﬁz |:M11N7M12N7 7Mf:N7'“ 7M1TN:| ) (61)

where T is the total number of motion clips and NN is the total number of characters.

The t-th clip M}y = [m},mb, -+ m!

’I’l,?‘.

-, mly] consists of motions for N characters
where each clip contains w frames and m!, is the ¢-th clip of the n-th character.
Following [36], each motion clip is represented using global joint positions, local

joint rotations, and joint velocities.

6.3 Method Overview

Our pipeline is formulated as an autoregressive conditional generative model for
synthesising coordinated interactions among multiple characters. The autoregressive
design enables characters to plan future interaction transitions dynamically based
on previously observed interactions, rather than committing to a fixed global plan in

advance. As illustrated in Fig. the proposed framework F consists of two tightly
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coupled components: a coordinatable interaction space and a transition planning
module. The interaction space is responsible for generating interactions among
multiple characters, while the transition planner predicts how interaction groupings

should evolve over time.

Observed Clip M*~" Transition Planning Coordinatable Interaction Space Generated Clip M®
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Figure 6.1: Framework overview. Our pipeline is an autoregressive conditional gen-
erative model to plan transitions and synthesize interactions for multiple characters.
It has two components: The first component divides multiple characters into groups
and leverages a pre-trained diffusion-based model to autoregressively generate in-
teractions for each group. The second component predicts a transition plan based
on the observed interactions and serves as the conditional signal for the interaction
synthesis.

The coordinatable interaction space decomposes a multi-character interaction
into multiple two-character groups. In the absence of large-scale multi-character
data, this decomposition allows the interaction space to be constructed from learn-
able two-character interaction models. Specifically, we leverage a pre-trained two-
character diffusion model to approximate the multi-character interaction manifold.
Character groupings are determined by their indices, and historical motion clips
are used as conditioning inputs. Interactions for each group are generated autore-
gressively. This formulation is independent of the total number of characters and
therefore naturally scalable.

The transition planning module predicts a high-level transition plan C* based on
the observed interactions M|, . Transition plans are represented as re-grouping de-
cisions over characters, which determine how characters are coordinated to interact

in the subsequent motion clip. Specifically, our method follows an autoregressive
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conditional generative formulation:
Mf:N = ‘FG(Mf_]\/!’ 6ﬁ:N? Ot)v (62)

where F represents our autoregressive generative pipeline, € is the sampled stan-
dard Gaussian noise for generation, M|\ is the last observed interaction clip for all
characters 1,2--- | N, M!{  is the next interaction clip for all characters, C" is the

transition plan for next motion clip M., and 6 represents all trainable parameters.

6.4 Multi-Character Interaction Space

A coordinatable interaction space is essential for synthesising coherent multi-character
interactions. Such a space capture realistic interaction manifolds and remain con-
trollable for coordination. In the absence of large-scale data, we adopt a divide-and-
conquer strategy to simplify the interaction space.

We approximate multi-character interactions by decomposing characters into
two-character groups. In practice, complex interactions often consist of multiple
smaller interaction groups [219], each of which can be modelled independently. In
our implementation, we leverage a pre-trained two-character diffusion model to syn-
thesise interactions for each group. This decomposition enables reuse of the expres-
sive capacity of existing two-character models while allowing interaction groups to
be dynamically reconfigured according to transition plans. Moreover, the grouping
strategy is independent of the total number of characters, making the interaction
space naturally scalable.

To generalise a two-character diffusion model to multi-character settings, we syn-
thesise interaction groups autoregressively. Diffusion models are well suited for this
purpose due to their high modelling capacity for complex interaction manifolds [27]
and their ability to incorporate conditional signals without requiring explicit con-
ditional training data [20]. When generating the next motion clip for a given two-
character group, the diffusion process is conditioned on both the observed motion
history of that group and the interactions already generated for other groups. As

illustrated in Fig. [6.2] guidance from previously synthesised groups provides coordi-
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nation cues that ensure consistency across the multi-character interaction space.

Coordinatable Interaction Space
Group Synthesis

Group 1

. ——

Diffusion Group 2
Model

Figure 6.2: Coordinatable multi-character interaction space by group division. We
divide multiple characters into groups and re-group them for potential coordination.
The group synthesis generates new motions group by group. The newly generated
group is conditioned on the already generated ones, which is indicated by red arrows.

Given the observed multi-character interaction clip M}y, we extend a state-of-
the-art two-character interaction diffusion model to generate the next interaction
clip for all characters. The next clip is synthesised by autoregressively generating
two-character social groups under the condition of previously generated groups.
These groups collectively form the multi-character interaction clip MY ,,, which is
defined as

My = [g(MF, M) | (i) € €], (6.3)

/Li.] ’

where ¢g denotes the two-character diffusion model, M’ represents interaction groups
already generated in the current autoregressive step, ij_l is the observed interaction
clip for characters i and 7, and C* specifies the re-grouping transition plan.

To ensure coordination among interaction groups, we incorporate training-free
guidance in the diffusion process to regulate spatial relationships between the newly
generated group Mf ; and previously generated groups M'. We define a distance-

based constraint d(-) to maintain appropriate social spacing. Following Proxemics

Theory [220], hip positions are used as the primary spatial cue, as they effectively
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characterise interpersonal distance while avoiding high-dimensional joint constraints.

The distance term is computed as

|M’|
1
d(M;;, M) = o7 me Ipij = pwllz = 7,0), (6.4)

where 7 is a distance threshold and p; ; is the hip positions of characters ¢ and j. In
addition, temporal continuity between consecutive clips is enforced by constraining

motion smoothness between the generated and observed clips:

d(Mf;, M{7") = llace]l3, (6.5)

where acc denotes joint-wise accelerations. The overall constraint is defined as

d = d(M!,, M)+ d(M!;, M5, (6.6)

l]’ Z]’

The complete procedure for constructing the coordinatable interaction space is sum-

marised in Algorithm [2]

Algorithm 2 Coordinate-able Multi-Character Interaction Space

Require: Re-grouping choice (7, ) from a transition plan C*, motion mask m for
motion inpainting, observed motions M f_]\}, other groups M’, a pre-trained model
g(+), distance function d(-)

Ensure: a group M;;

1 MG M{y[(i,5)] > Re-grouping by transition plan
2 u+U > U is total number of diffusion timesteps
3 €+ N(0,1) > Sample a random noise
4: %+ €

5: while u # 0 do

6: 20+ g(a*, u) > Diffusion predicts Zsart
7: P +—me® ij_l +(1—m)®a® > Masking for inpainting
8: 20 2%+ V,d > Classifier guidance
9: u—u—1
10: end while
11: M, a°

<
T
<
C
S

95



6.5 Transition Planning

Beyond synthesising realistic interactions, multi-character coordination requires the
ability to plan suitable interaction transitions over time. Transition planning op-
erates at a high level by determining how characters should reconfigure their in-
teraction groups based on the currently observed interactions. Once a transition
plan is decided, the subsequent interactions are generated by the interaction space
described previously.

We model transition planning through a conditional re-grouping mechanism inte-
grated with the multi-character interaction space. While coordinating all characters
jointly is theoretically possible, we restrict planning to local subsets of four char-
acters to balance transition expressiveness and learning complexity. Considering a
larger candidate set increases representational power but significantly enlarges the
action space, whereas limiting choices to the nearest neighbour overly constrains
transition diversity.

The planning signal is defined as high-level re-grouping decisions, represented by
character indices. This abstraction avoids reasoning about low-level joint trajecto-
ries in a high-dimensional spatio-temporal space and makes the planning network
motion-agnostic. Concretely, the planning network takes the motion clips of the se-
lected characters as input and predicts a re-grouping configuration as the transition

plan:

C' = fo( ML), (6.7)

C
27]72 7]

In the absence of ground-truth transition annotations, we formulate transition
planning as a Markov Decision Process and train the planning network using deep
reinforcement learning, as illustrated in Fig. The MDP is defined by the tuple
(S, A, R, E), where S denotes the state space, A the action space, R a scalar reward
function, and E the environment.

Specifically, a state s € S is defined as the motion clips of the selected characters:

S = Mi,j,i’,j’- (68)
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Figure 6.3: The planning network is learned as a policy network via deep reinforce-
ment learning. The action is a transition plan that contains a high-level grouping
choice.

An action a € A corresponds to a transition plan,

a:=C, (6.9)

where C' specifies the re-grouping decision among the four characters.

The previously introduced interaction space serves as the environment in our re-
inforcement learning formulation. The environment transition function E : (s*,a') —
5" models the state evolution induced by executing action af in state st. Concretely,
the interaction synthesis module defined in Section [6.4] acts as the environment
model:

E :=g(-). (6.10)

Given the current state, the next state is generated as

t+1 _

s g(é', 8", (6.11)

where € ~ N(0,1). The initial state M! is generated by starting from an empty
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state.

The transition planning network is formulated as the policy

mi= fol), (6.12)

a' = m(sh). (6.13)

We define a reward function R : S x A x § — R to evaluate transitions. The
objective is to encourage smooth and diverse interaction transitions. Smoothness is
quantified by

Tsmooth = exp(—||acct — acct+1||g) , (6.14)

where acc denotes joint accelerations computed over a temporal window of ten
frames. To promote exploration of different transition patterns, a diversity reward

is defined as

1, if a' is novel,
Tdiv — (615)

0, otherwise.

The final reward is given by
T = Tsmooth T Tdiv- (616)

6.6 Experiment Setup

We run a series of experiments to (i) investigate the effectiveness of our method
by employing two metrics and (ii) validate the scalability and transferability of our
method to three applications.

Quantitative metrics remain an open challenge. Essentially, without directly
comparable ground truth, only self-contained metrics can be calculated. Therefore,
we evaluate our method with transition smoothness (T'S) [221] and hip distance
(HD) for comparison. Following [221], transition smoothness calculates the change

of acceleration, and we report its maximum change (peak jerk) as a metric. For
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hip distance, we calculate the average distance between the hip of a character and
those of other characters. This metric is designed to indicate whether characters
overlapped in the same position. We report the average value over all characters

and frames, which is calculated by

F
2
HD = ————— hl —hl|3 6.17
f=114,jeEN
where N is the set of all characters, F' is the number of frames, M+_1)F is an av-

eraging term, and hlf and hf are the hip positions for characters ¢ and j at frame
f. The TS metric has already integrated speed information by considering accel-
eration changes, which are crucial for physical plausibility and perceptual quality.
Biomechanically, smooth acceleration results from the gradual modulation of neural
signals regulating muscle force, aligning with Newton’s second law. Additionally,
following common practice, we measure variance as the diversity metric.
Hyper-parameters related to the reinforcement learning part have been shown in

Table [6.1] DQN strategy is used to train the transition planning network.

Table 6.1: Hyperparameters of reinforcement learning strategy.

Hyperparameter Value

batch size 16

gamma 0.98

epsilon start 0.08

epsilon end 0.01

epsilon decay 200
Ir 0.0005

We employ a Deep Q-Network (DQN) to train the transition planning network,
as the problem can be naturally formulated as a discrete sequential decision-making
task. At each planning step, the agent selects a transition action that determines
how motion segments are connected over time, with the objective of producing
smooth and coherent transitions across generated sequences.

DQN is chosen due to its suitability for discrete action spaces and its ability
to learn value functions that capture long-term rewards. In the context of transi-

tion planning, rewards are defined to encourage temporally smooth transitions and
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penalise abrupt changes in motion dynamics. By optimising expected cumulative
reward, the DQN-based planner learns policies that favour stable and consistent
transition paths rather than locally optimal but perceptually jarring connections.

Alternative reinforcement learning algorithms, such as policy-gradient or ac-
tor—critic methods, were considered less suitable in this setting, as they typically
require continuous action representations or introduce additional training complex-
ity without clear benefit for the discrete transition selection problem addressed here.
DQN therefore provides a balanced trade-off between modelling capacity, training
stability, and implementation simplicity.

We balanced trade-off between transition representativeness and learning com-
plexity. A character evaluating all others as potential transition partners improves
representativeness but increases training complexity. Conversely, considering only
the nearest character removes the need for learning but limits transition diversity.

To address the lack of ground truth data, we use re-grouping as high-level se-
mantic control, avoiding computational burden of determining low-level joint move-
ments in a high-dimensional spatiotemporal space. Currently, a 4-character group
is formed by a greedy distance-based strategy, and future work could explore other
advanced methods such as a first-person receptive field.

For large scenes, if total number of characters isn’t divisible by four, we introduce
an imaginary character in decision-making. If selecting it as a partner, a character
behaves independently. Future improvements could include predefined actions like

walking via prompt or recycling characters in [7] to enhance transitions further.

6.7 Comparison

As no existing method directly addresses large-scale multi-character interaction syn-
thesis with transition planning, we adopt InterGen [36], a state-of-the-art interaction
synthesis method, as our baseline. In addition, we implement an adapted variant,
denoted as InterGenft, to enable a fair comparison. Specifically, InterGen} employs
the same coordinatable interaction space as our method to support multiple charac-

ters. Since InterGen does not incorporate transition planning, transition signals are
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randomly sampled and used as control inputs. All evaluation metrics are computed

by averaging results over multiple generations. Quantitative results are reported in

Table 6.2

Table 6.2: Comparison with interaction synthesis models. { represents our imple-
mentation of the coordinatable interaction space in the original method. TS denotes
transition smoothness and HD, the hip distance. Div denotes the diversity of the
generated results.

Methods TS| HD  Div

InterGen  0.073 0.567 4.938
InterGent 0.117 1.578 5.001
Ours 0.071 1.963 5.010

Our method achieves the highest transition smoothness (TS), indicating fewer
visual artefacts during interaction transitions. Although InterGen attains a TS
value close to ours, qualitative inspection reveals severe character overlap, leading
to degraded motion quality. We attribute this behaviour to the fact that transitions
in InterGen occur at very small inter-character distances, which artificially reduces
the TS value. This observation is further supported by its significantly lower hip
distance (HD) compared to our method, as illustrated in Fig. [6.4]

Figure 6.4: (a) An example result from our method. (b) An example from InterGen
where characters heavily overlap.

Fig. shows the density distributions of HD values for all methods. The bi-

modal distribution produced by our approach indicates well-separated characters
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and effective transition planning. In contrast, InterGent exhibits a unimodal distri-
bution, reflecting the absence of explicit transition planning. InterGen demonstrates
a similar distribution shape to InterGent, but with a substantially smaller mode,

confirming frequent character overlap.

Ours
6 1 InterGen
1 InterGent

05 10 15 20 25 30
Distances

Figure 6.5: The density of hip distance for the three methods evaluated. The two
modes in our hip distance density demonstrate minimal character overlap and clear
transitions. InterGent does not have the ability of transition planning, leading to an
averaged distance density with a single mode. InterGen has a similar curve shape
with InterGent as both of them do not have transition planning. Its much smaller
mode value indicates that characters heavily overlap.

Overall, the comparison demonstrates the effectiveness of both proposed compo-
nents. Relative to InterGent, our method benefits from explicit transition planning.
Comparing InterGen and InterGent, both of which lack planning, shows that the
coordinatable interaction space alone already reduces character overlap. Together,
these results validate the necessity of both the interaction space and the transition
planning network in achieving high-quality multi-character coordinated interactions.

We provide an example as an illustration of the effects of the transition smooth-
ness metric. Generally speaking, higher values indicate larger discontinuities like
abrupt movements, which is indicated by the orange colour in Figure [6.6]

In terms of diversity, we attribute the slightly increased diversity to our coor-

dinatable space and planning for synthesizing transitions that are absent in the
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Figure 6.6: An illustrative figure for the effects of transition smoothness metric.
Discontinuities in trajectories are highlighted in orange color.

original two-character data.

We further conduct a small user study where participants were asked to rank the
quality of results generated by our method against InterGen and InterGent. 94.12%
prefers ours to the other two, 5.88% prefers InterGenf, and InterGen is unfavourable

due to heavy character overlap.

6.8 Extended Applications

We showcase the scalability of the proposed framework and the transferability of the
transition planning network through three extended applications. Although training
relies only on a two-character dataset, the method scales naturally to larger numbers
of characters, either by incrementally adding new characters or by generating large
scenes in a single pass. Moreover, since the planning network operates on high-level
re-grouping decisions, it is transferable across different motion types. We demon-
strate this property by transferring a planner trained on dancing motions to boxing

motions.
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6.8.1 Adding New Character Synthesis

The proposed framework supports incremental character addition. In this setting,
generation starts with four characters, after which additional characters are pro-
gressively introduced. Newly added characters are coordinated with existing ones
through re-grouping decisions predicted by the planning network. Quantitative re-

sults for this setting are reported in Table [6.3

6.8.2 Generating Large Scenes

We further demonstrate scalability by synthesising scenes containing a large number
of characters simultaneously. Despite being trained only on two-character interac-
tions, the framework is able to generate dense multi-character scenes in a single gen-

eration process, without incremental addition. Quantitative results are summarised

in Table [6.3]

Table 6.3: Method performance on extended applications. TS denotes transition
smoothness and HD, the hip distance.

Methods TS HD
Adding New Characters 0.026 2.450

Generating Large Scenes 0.075 3.372
Boxing 0.057 2.155

We clarify that our two-character interaction setup is a modelling choice driven
by two factors: (1) Unlike prior work that loosely couples single-character motions,
we focus on close and continuous interactions (CCI) with frequent, prolonged contact
(e.g., dancing), which rarely involve more than two people. (2) Data availability is a
major constraint. Capturing two-person CCI is already rare, and, to our knowledge,
no datasets exist for multi-person CCI.

Furthermore, our model is not inherently limited to two-person interactions.
To demonstrate this, we adapt our method using Multi-Track Timeline Control
[222], allowing a character to be in multiple groups (e.g., A-B, A-C) with minimal
modifications: diffusion model taking two interaction groups as input and further

constraining distances among three individuals. Results are shown in Table [6.4}
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Table 6.4: Allowing three-character division choice.
TS HD

Two-character division 0.071 1.963
Allowing three-character division 0.079 1.888

This confirms our method’s high extensibility with minimal modifications, en-
abling diverse scenarios and demonstrating potential for broader multi-character

interaction synthesis.

6.8.3 Other Interaction Semantics

Since the planning network predicts re-grouping choices independently of low-level
motion dynamics, it can be transferred to other motion domains. We evaluate this
transferability by applying a planner trained on dancing motions to boxing motions
without additional adaptation. As shown in Table [6.3] transition smoothness re-
mains stable, while hip distance increases slightly. This behaviour reflects the larger
interpersonal spacing typically observed in boxing motions and confirms that the

planning network generalises across motion types.

6.8.4 Ablation Studies

We conduct two ablation studies to analyse the contribution of each component that
we propose and the distance threshold, which is a hyper-parameter in the scalable
multi-character interaction generation.

Specifically, we first evaluate the effects of the coordinatable space and the tran-
sition planning module by progressively removing them from the full model. The
results are reported in Table[6.5] Variant (a) removes both the coordinatable space
and the planning module, resulting in limited transition smoothness (TS) and low
hip distance (HD). This configuration represents a baseline without explicit mecha-
nisms for coordination or transition modelling and highlights the difficulty of scal-
ing interactions under such settings. Variant (b) introduces the coordinatable space
while excluding the planning module. Compared to (a), this variant achieves a sub-

stantial increase in hip distance (HD), indicating that the coordinatable space plays
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a key role in enabling suitable social distance across multiple characters. However,
the transition smoothness (TS) degrades significantly, suggesting that coordination

alone is insufficient to ensure smooth and coherent transitions over time.

Table 6.5: An ablation study on method scaling.
Coordinatable Space Planning TS HD

a X X 0.071 0.564
b v X 0.202 3.422
Full v v 0.075 3.372

The full model combines both the coordinatable space and the planning module.
This configuration achieves a strong balance between transition smoothness and hip
distance, demonstrating that explicit transition planning is necessary to stabilise
temporal evolution when scaling to multi-character scenarios. Together, these re-
sults confirm that both components are essential and complementary for achieving
scalable and coherent multi-character motion generation.

We further conduct a second ablation study to examine the effect of the distance
threshold used in interaction modelling. The distance threshold controls the spatial
tolerance within which characters are considered to be suitable, thereby influencing
both coordination flexibility and transition behaviour. The results are summarised

in Table [6.6]

Table 6.6: An ablation study on the distance threshold.
Distance threshold TS HD

0.5 0.059 1.723
1.0 0.057 1.841
1.5 0.067 1.901
2.0 0.071 1.963
2.5 0.085 2.003
3.0 0.092 2.355

As the distance threshold increases from 0.5 to 3.0, hip distance (HD) consis-
tently increases, indicating that larger thresholds allow greater spatial separation
and more diverse interaction configurations. This reflects increased flexibility in

group formation and reduced spatial constraints among characters.
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However, this increased flexibility comes at the cost of transition smoothness
(TS). While TS remains relatively stable for smaller thresholds, it gradually de-
grades as the threshold becomes larger. This suggests that excessively loose spatial
constraints make it more difficult for the planning module to maintain smooth transi-
tions, as characters may undergo larger positional adjustments between consecutive
interaction states.

These results highlight an inherent trade-off between interaction diversity and
transition smoothness. Moderate distance thresholds provide a balance between
allowing sufficient spatial variation (HD) and preserving stable temporal transitions

(TS), supporting the choice of the threshold used in the full model.

6.9 Summary

We present a framework for synthesising coordinated multi-character interactions
without requiring any multi-character training data. The proposed method decom-
poses coordinated interactions into interaction synthesis and transition planning,
realised by a coordinatable interaction space and a planning network, respectively.
To address data scarcity, multi-character interactions are approximated through
two-character groups using a pre-trained two-character interaction diffusion model,
while the planning network provides high-level control via re-grouping decisions.
Experimental results demonstrate that the proposed approach produces smoother
transitions and reduces inter-character penetration compared with existing meth-
ods. We further show that the framework scales to larger numbers of characters and
generalises across motion types.

Despite these advantages, the method has several limitations primarily stemming
from the lack of multi-character datasets. First, the interaction space relies on a
divide-and-approximate strategy that decomposes multi-character interactions into
two-character groups. Second, the controllability of diffusion models remains limited
in the absence of explicitly conditioned training data. Although classifier guidance
and motion inpainting are employed, control accuracy could be further improved to

enhance generation quality [223]. In addition, the overall performance depends on
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the quality of the pre-trained two-character interaction model.

Future work includes collecting datasets containing dense, close-range interac-
tions among multiple individuals, which would enable finer-grained interaction mod-
elling and improved visual realism. For large-scale scenes, the current use of virtual
characters to complete interaction groups could be replaced by predefined actions
or character recycling strategies [7]. Moreover, while four-character groups are cur-
rently formed using a greedy distance-based heuristic, more principled grouping
strategies, such as first-person receptive fields, offer promising directions for further

improvement.
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CHAPTER [/

Conclusions

In this thesis, we systematically explored the powerful role of diffusion models in
human motion modelling in terms of inter-class variation modelling and intra-class
variation modelling. This thesis explores diffusion models for three representative
tasks on modelling the two variations: styled motion generation, adversarial motion
generation, and multi-character interaction generation. Through the three tasks,
this thesis demonstrates how diffusion models can drive realistic, diverse, and scal-
able capability that surpass previous methods.

Our findings explicitly demonstrate that diffusion models are critical and capa-
ble to accommodate the substantial diversity in human motions. Whether faced
with combinations of content-style, action-execution, or interaction-coordination,
diffusion models are consistently capable to cover the variations of human motions,
facilitating a wide range of real-world applications. This thesis thus establishes

diffusion models as a central strategy for advancing human motion modelling.
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7.1 Achievement of Aims and Objectives

this thesis aims to systematically investigate how inter-class and intra-class varia-
tions in human motion can be modelled, disentangled, and exploited within a uni-
fied generative framework. This thesis demonstrate that diffusion models facilitate
applications that require to model inter-class variations and intra-class variations
by considering content-style, action-execution, and interaction-coordination. The
progress made in each technical objective demonstrates how this approach meets
various demands, as detailed below.

In Chapter [4, we showed the superiority of diffusion models by addressing the
task of styled motion generation where inter-class and intra-class variations are di-
rectly modelled. We presented a single-stage diffusion-based pipeline to unify human
motion synthesis and motion style transfer for high-quality motion creation. To ef-
fectively represent the coupled representation of both inter-class motion contents
and intra-class motion styles in a common latent space, we proposed a denoising
diffusion probabilistic model solution that has a large learning capacity for mod-
elling the diverse data structure. To generate high-quality results, we proposed a
multi-task network architecture that leverages both local guidance, including joint
angles, movement trajectories and supporting foot patterns, and global guidance,
including physical and adversarial regulations. These advancements demonstrated
the utility of diffusion models for modelling human motions to cover both inter- and
intra-class variations, establishing the feasibility for future styled animation systems.

In Chapter [5, we showed the superiority of diffusion models by addressing the
task of adversarial motion generation where intra-class variations are exploited as a
degree of freedom without altering inter-class semantics. We discover a critical yet
previously overlooked vulnerability in existing attack methods where the intra-class
variations are usually modelled by noise-like perturbations that are inherently per-
ceptible to humans. To exploit intra-class variations, we proposed a diffusion-based
attack method where imperceptible adversarial motions are generated through a pre-
trained diffusion model. To faithfully quantify the quality of adversarial motions,
we also proposed a new metric based on existing physiological analysis of real-world

human motions. These advancements demonstrated the utility of diffusion models
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for exploiting intra-class variations under the constraints of inter-class features to
generate adversarial motions, establishing the potential for future diffusion-based
adversarial attack systems.

Finally, Chapter [6] further exploits the intra-class variations in the context of
interactions. We showed the superiority of diffusion models by supporting a tran-
sition planning network for modelling temporal intra-class variations while main-
taining inter-class interaction semantics. We proposed a framework to synthesize
large-scale multiple characters by decomposing their coordinated interactions into
interaction synthesis and transition planning as inter-class and intra-class variations,
respectively. Building on the decomposition, we proposed a method of combining
a pre-trained two-character diffusion model and a transition planning network to
learn the coordinated interactions via deep reinforcement learning without the re-
quirement for data. These advancements demonstrate the exploitation of intra-class
temporal variations facilitated by diffusion models establishes the feasibility for fu-
ture multi-character interaction synthesis systems.

Furthermore, the integration of diffusion models into human motion modelling
in this thesis demonstrates clear relevance to several industry domains where con-

trollable, scalable, and reliable motion generation is required.

e Animation and Game Production Pipelines: In animation and game de-
velopment, character motion is a core asset that is traditionally expensive to
author and difficult to scale. The styled motion generation framework devel-
oped in this thesis enables end-to-end synthesis of motions with controllable
execution styles, supporting rapid prototyping and content variation. Such
capabilities can assist animators during pre-visualisation, reduce reliance on
large motion capture libraries, and facilitate scalable character behaviour gen-

eration in interactive environments.

e Robustness Evaluation in Safety-Critical AI Systems: Skeleton-based
motion analysis is increasingly used in applications such as surveillance, sports
analytics, healthcare monitoring, and human-robot interaction. The adver-

sarial motion generation methods proposed in this thesis provide a principled
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way to assess the robustness of motion-based recognition and decision systems
under subtle but structured perturbations. This is particularly relevant for
responsible AT deployment, where understanding potential failure modes prior

to real-world operation is critical.

e Multi-Character Simulation and Virtual Human Platforms: Large-
scale simulations involving multiple interacting characters are central to crowd
simulation, virtual training environments, and digital human platforms. The
scalable multi-character interaction modelling framework presented in this the-
sis addresses the challenge of generating coordinated group behaviour with
smooth transitions over time. By emphasising transition strength and struc-
tured interaction modelling, the proposed approach aligns with the needs of
industry systems that require coherent and extensible multi-agent motion gen-

eration.

Taken together, the contributions of this thesis situate diffusion-based human
motion modelling as a practical and versatile tool across multiple industries. By
addressing stylisation, robustness, and scalable interaction within a unified genera-
tive framework, this work bridges methodological advances with concrete industry

requirements in animation, intelligent systems, and virtual human technologies.

7.2 Future Research Directions

This thesis demonstrates that diffusion-based models provide a powerful frame-
work for human motion modelling, particularly in terms of modelling inter-class
and intra-class variations. Building on these contributions, future research should
move towards a unified goal: developing motion generation systems that are scalable,
efficient, robust, and aligned with human perception preference. The following re-
search directions outline a coherent roadmap towards this objective, each addressing

a critical limitation identified in the current work.

7.2.1 Learning-based Multi-Character Interactions
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Human motion is inherently interactive, yet current generative models remain largely
limited to single-person scenarios, with two-character interactions only recently re-
ceiving focused attention. Although several studies have begun to explore multi-
character settings |130}/131,[224], most approaches primarily extend spatial layouts
to include additional characters, without fully addressing the temporal coordination
that emerges uniquely in polyadic interactions.

This thesis highlights that realistic multi-character behaviour is largely deter-
mined by transition dynamics and coordination over time. However, existing meth-
ods often rely on heuristic or rule-based constraints when extending from dyadic
to multi-character interactions, which struggle to generalise to complex and highly
non-linear group behaviours [224]. A key challenge lies in learning such coordination
patterns directly from limited interaction data.

Future research could therefore focus on learning-based formulations that reduce
reliance on hand-crafted constraints. In particular, few-shot or meta-learning strate-
gies [225] offer a promising pathway for enabling diffusion models to adapt to new
interaction configurations with minimal additional data. This direction would allow
models to progressively scale from controlled pairwise interactions to more realistic,

polyadic social scenarios.

7.2.2 Adversarially Robust Human Motion Modelling

While diffusion models have demonstrated strong performance in terms of motion
diversity and quality, their robustness to adversarial perturbations remains an open
challenge. Existing research on adversarial attacks in human motion has largely
focused on skeleton-based action recognition [114], leaving the vulnerability of other
motion-based tasks largely unexplored.

Many practical applications, such as reactive motion synthesis |137] in human-robot
collaboration, rely on motion generation systems that directly influence physical ac-
tions. In such settings, adversarially perturbed motions could induce unsafe or even
dangerous system responses. This highlights the need to study adversarial robust-
ness beyond recognition tasks and towards generative and reactive motion pipelines.

Future work should therefore investigate whether adversarial attacks can be ex-
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tended to a broader range of motion-based tasks such as motion prediction and
whether common structural vulnerabilities exist across these tasks. Ultimately, this
line of research may lead to unified adversarial and defence frameworks that improve

the reliability and safety of motion-driven systems in real-world deployments.

7.2.3 Data-Efficient Motion Diffusion Models with Prior Do-

main Knowledge

Despite their expressive power, diffusion models typically require large-scale train-
ing data. Unlike images or videos, high-quality human motion data are expensive
to capture and difficult to scale, resulting in a persistent gap between academic
benchmarks and real-world requirements. Although existing datasets range from
large-scale single-person motion corpora (e.g., HumanML3D [35]) to two-person in-
teraction datasets [36,88|, data scarcity remains a fundamental bottleneck due to
the difficulty of obtaining motions.

A promising research direction is to improve data efficiency by integrating domain
knowledge into diffusion models. Psychological models, such as OCEAN [226] and
PAD [227], can provide structured priors over affect and style, reducing the burden
on data-driven learning. Similarly, simplified physical models, such as the inverted
pendulum [228], can act as inductive biases to capture fundamental aspects of human
balance and response to perturbations [216].

Future research should explore principled ways to incorporate such priors into
diffusion architectures, enabling models that generalise better under limited data

while maintaining plausibility and generalization ability.

7.2.4 Human Perception-Aligned Evaluation Metrics

The evaluation of human motion models remains a significant challenge. Many
commonly used metrics are adapted from computer vision and emphasise statisti-
cal or feature-level similarity [35,36229], which may not fully capture perceptual
or interaction quality. This limitation becomes particularly pronounced in multi-

character settings, where interaction quality depends on implicit and relational con-
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straints [230].

User studies are often employed to address this gap, but they introduce prac-
tical challenges, including high cost, limited scalability, and potential participant
bias. To move beyond these limitations, future research should aim to develop
perception-aligned evaluation metrics that approximate human judgments while re-
maining computationally tractable.

One promising direction is to model human preferences directly using learned
reward models [231-233] or using multi-modal data like EEG signals [234] that are
potentially informed by insights from psychology and cognitive science. Such poten-
tional solutions could provide scalable and consistent evaluation tools, supporting

both model development and real-world deployment.
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