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Abstract

This thesis advances robust and expressive 3D human modeling from a single
image, addressing two core challenges: (1) recovering accurate human pose and
shape beneath clothing, and (2) generating animatable, disentangled 3D avatars
with reusable assets. It is structured around four works that progressively tackle
estimation, representation, and animation of clothed humans.

The first work presents a comprehensive benchmarking study of human mesh
recovery (HMR). While prior research focuses primarily on algorithm design, this
study systematically examines the impact of datasets, backbone architectures, and
training strategies. It reveals that data diversity, task-aligned architectures, and
well-designed training protocols play a critical role in generalization, and establishes
strong baselines and practical guidelines for fair evaluation.

The second work, RoboSMPL-X, addresses whole-body pose and shape estimation
from a single image, including body, hands, and face. We identify bounding-
box quality as a key bottleneck in real-world settings, and propose a framework
that improves spatial localization, learns augmentation-invariant features through
contrastive learning, and enforces image-space pixel alignment of the predicted
mesh, resulting in improved robustness under challenging conditions.

The third work, Disco4D, shifts from estimation to generative modeling. It in-
troduces a layered representation that combines SMPL-X body modeling with
Gaussian Splatting, enabling separate modeling of body and clothing. This for-
mulation supports temporally coherent 4D animation and facilitates asset-level
manipulation, allowing clothing to be extracted, reused, and edited across different
identities.

The fourth work, ReposeHuman, focuses on generating customizable and animatable
avatars with explicit disentanglement of body and clothing. To overcome the limi-
tations of single-image supervision, it leverages video diffusion models to synthesize
canonical multi-view observations, which provide strong geometric supervision for
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reconstructing disentangled 3D human meshes. A large-scale dataset of animatable,
disentangled human meshes is introduced to support this task.

Together, these works form a cohesive pipeline from robust estimation to expressive
generation. By addressing both robustness and disentangled representation, this
thesis contributes scalable methods for creating high-fidelity, controllable, and
animatable digital humans from minimal input.
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Chapter 1

Introduction

1.1 Research Background

3D human modeling and generation has garnered significant attention due to its wide
range of applications in robotics, computer graphics, AR/VR, and more. Current
approaches can be broadly divided into two categories: (1) human pose and shape
estimation, which focuses on modeling the body beneath clothing using parametric
models such as SMPL [1], and (2) clothed human digitization, which models both
body and clothing to recover a complete dressed human mesh with fine-level details.
For human pose and shape estimation (HPSE), recent works typically regress the
parameters of a body model from monocular RGB images [2–5] or videos [6–8],
leading to the term "human mesh recovery"1. A wide range of algorithms have been
proposed to improve mesh recovery accuracy [9–17]. For clothed human digitization,
a multitude of research efforts have been made on reconstructing 3D clothed human
models from a single image [18–24, 24–27].

Taken together, these two categories address complementary facets of a broader
question: how can we obtain robust, expressive, and animatable 3D humans from
in-the-wild visual input? This thesis is organised around that question. Rather
than treating the four technical contributions in isolation, the thesis positions them
as successive stages of a broader pipeline, illustrated in Fig. 1.1: (1) understanding
the factors that drive mesh-recovery performance beyond algorithms, (2) improving

1The terms "3D human pose and shape estimation" and "human mesh recovery" are used
interchangeably in this thesis.

1
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whole-body pose and shape estimation through robust and pixel-aligned recovery,
(3) lifting a single image to a clothed and disentangled avatar, and (4) generating
higher-fidelity canonical multi-view supervision for more controllable and animatable
avatar reconstruction. Each subsequent chapter revisits this broader pipeline and
identifies the bottleneck it addresses.

1.2 Challenges and Motivation

For existing HPSE methods, most efforts have centered on algorithmic improvements,
with limited systematic investigation into other critical factors such as dataset design,
network backbones, and training strategies. Moreover, many methods are tailored
to standard benchmarks and often lack robustness in real-world conditions.

In contrast, clothed human digitization presents its own set of challenges. To
support animation, the avatar must be reconstructed in a canonical pose, which
is especially difficult from a single image due to the need to infer occluded or
unseen regions, such as the back view, in monocular settings. Furthermore, most
existing methods model the body and clothing jointly, which limits the animation,
customization, and editability of individual components, all of which are crucial for
building flexible and expressive avatars.

This section identifies the specific challenges addressed in this thesis and briefly
motivates each corresponding study.

1.2.1 Lack of Systematic Benchmarking

Despite the progress in HPSE algorithms, there has been a lack of systematic
investigation into other crucial factors that impact model performance. This
includes the selection of datasets and their contributions, the choice of pretrained
backbones for learning the HPSE model, and the impact of training strategies such
as data augmentation and loss design. The influence of these factors on model
performance and the optimal training configurations for achieving good HPSE
models remain unclear.
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This lack of understanding hampers the development of HPSE research in two
main ways. Firstly, researchers may build and evaluate new algorithms using
suboptimal training configurations, which fails to fully showcase the benefits of
their inventions. Secondly, previous works often compare different algorithms or
methods with varying training configurations, leading to unfair evaluations. This
motivates our first study.

1.2.2 Robustness in Whole-Body Pose and Shape Estimation

Building on insights from our first study, where we identified optimal choices for
datasets, network backbones, and training strategies for HPSE models, we shift our
focus to algorithmic developments for improving robustness.

While whole-body human pose and shape estimation (HPSE) aims to jointly
reconstruct the body, hands, and face, existing methods often struggle under in-the-
wild conditions. Through a systematic benchmark of existing whole-body HPSE
methods under various input augmentations, we observe that models are surprisingly
sensitive to minor perturbations in scale and translation. Performance degrades
significantly due to misaligned crops or inaccurate bounding boxes, which introduce
errors that propagate along the kinematic chain.

The lack of robustness in existing whole-body pose and shape estimation methods
highlights three critical aspects that can be improved upon: 1) accurate localization
of the subject and its parts, 2) accurate extraction of useful features, and 3) accurate
pixel alignment of outputs. To address these challenges, our second study introduces
a robust and modular framework for whole-body HPSE.

1.2.3 Lack of Disentangled 3D Human Generation

Having established strong training foundations and improved robustness in human
pose and shape estimation, we next turn to human digitization, where both body
and clothing are modeled explicitly.

However, most existing 3D human generation pipelines represent the body and
clothing as a single, entangled mesh. This design severely limits flexibility in
animation, editing, and asset reuse. Without separable representations for individual
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components—such as hair, shirts, pants, and shoes—it becomes challenging to enable
layered rendering, simulate dynamic clothing behavior, or exercise fine-grained
control over fashion items. These limitations hinder the creation of expressive and
animatable digital humans. This motivates our third study, which introduces a
disentangled representation for clothed human generation and animation.

1.2.4 Lack of Disentangled Datasets and Canonical Multi-

View Supervision

While our previous work established a layered representation for disentangled body
and clothing modeling, generating accurate canonical 3D avatars from single images
remains a significant challenge, especially when the input depicts a non-standard or
casual pose. General-purpose diffusion models are insufficient, as they often lack
geometric grounding and fail to produce coherent views across different poses and
angles. To achieve high-quality avatars with disentangled assets, we need multi-view
images in canonical poses well-aligned with SMPL-X predictions.

Existing methods often rely on self-rotating video captures in canonical poses (e.g.,
T- or A-pose) in controlled environments to create animatable avatars, making it
impractical for large-scale or casual use. Single-image diffusion-based animation
methods [28–31] offer pose control but suffer from view inconsistencies, motion
artifacts, and poor detail preservation, making them unsuitable for asset disentangle-
ment. These issues arise from weak 2D training signals (e.g., keypoints) and limited
supervision. Even dense-signal approaches like CHAMP [32] face misalignment and
poor multi-view consistency, especially for occluded regions. Recent works such as
CharacterGen [33] and EN3D [34] attempt canonical view synthesis but offer sparse
views, weak control, and limited fidelity.

This motivates our fourth study: generating dense, multi-view canonical images
from a single image using video diffusion models, enabling better alignment, disen-
tanglement, and high-fidelity avatar reconstruction.
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Figure 1.1: Overview of Thesis. We begin the thesis with an introduction to
key research topics, challenges, and solutions. The technical sections introduce
four works that support this thesis, which can be divided into two topics: human
pose and shape estimation, and disentangled human generation and animation.
Lastly, we conclude the thesis with a discussion of our proposed works and future
directions.

1.3 Approaches

The overview of the thesis is depicted in Fig. 1.1. The four challenges above do not
exist in isolation; rather, each corresponds to a key bottleneck in a broader pipeline
for converting sparse visual input into an animatable and disentangled 3D human
representation. Accordingly, the four subsections below are not independent works,
but successive stages that address these bottlenecks from training foundations, to
robust body recovery, to disentangled clothed modeling, and finally to controllable
avatar generation. We summarise the proposed approaches as follows.

1.3.1 Benchmarking 3D Human Pose and Shape Estimation

beyond algorithms (Chapter 3).

To address the lack of systematic benchmarking beyond algorithmic design, we
present a comprehensive study of human mesh recovery from three key perspectives:

• Datasets: We perform extensive evaluations on 31 datasets, including some
that have not been used for mesh recovery before.
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• Backbone: Beyond the traditional CNN-based feature extractors, our study
evaluates 10 backbone architectures, including vision transformers. We further
analyze the role of pretraining, showing that initializing weights from a strong
pose estimation network provides substantial benefits for mesh recovery.

• Training strategy: We investigate different data augmentation and training
loss formulations.

1.3.2 Towards Robust and Expressive 3D Human Pose and

Shape Estimation (Chapter 4).

To address the robustness limitations in existing whole-body pose and shape
estimation (HPSE) methods, we identify three key challenges: (1) inaccurate
localization of the subject and its body parts, (2) poor extraction of discriminative
and invariant features, and (3) poor image-model alignment, where the projected
3D mesh lacks reprojection consistency with the image.

Motivated by these challenges, we propose a modular framework composed of three
novel components, each targeting one of the identified issues:

• Localization Module. This module integrates both sparse and dense
prediction branches, enabling the model to capture not only the spatial
positions but also the semantic context of each body part in the image. By
explicitly learning joint locations, it supports the estimation of their relative
rotations.

• Contrastive Feature Extraction Module. This module adds a pose-
and shape-aware contrastive loss, together with positive samples, to enhance
feature extraction under challenging augmentations. Positives are formed
by image- and location-variant augmentations of the anchor (e.g., color jit-
ter, occlusion, translation, scaling); pose-altering transformations (rotation,
flipping) are excluded. Negatives are taken from the rest of the mini-batch,
with each anchor–negative pair weighted by its ground-truth pose distance
so similar poses are not pushed apart. Minimizing this loss encourages the
model to produce stable and consistent representations for the same subject
under augmentation, yielding meaningful invariant features.
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• Pixel Alignment Module. This module leverages differentiable rendering
to ensure accurate pixel-level alignment between the projected mesh and the
input image, leading to more precise estimation of pose, shape, and camera
parameters.

1.3.3 Disentangled Human Generation and Animation from

a Single Image (Chapter 5).

To address the problem of entangled body-clothing representations, we propose
Disco4D, a method that separates body and clothing modeling using a layered
Gaussian Splatting framework where the body is reconstructed with a SMPL-X
mesh and embedded Gaussians and the clothing is modeled as layered Gaussians
attached to the body surface, with semantic labels for asset-level control.

Our contributions are as follows:

• Disentangled representation of clothing and human Gaussians. We
design a novel method that separates the reconstruction processes of clothing
from human body, enhancing the accuracy and detail of both components.

• Categorization and Separability of Clothing. Our method allows for
the segmentation of clothing into distinct categories, such as shirts, skirts,
shoes and hair. This categorization facilitates the independent manipulation
and detailed representation of each clothing item.

• Animation. Our methods can enhance the animatability, where the body ani-
mations are represented by SMPL-X deformations while clothing deformations
are modelled by both body deformation and learned deformations.

1.3.4 Using Video Diffusion Models to Generate Animat-

able and Customizable Human Avatars with Reusable

Assets (Chapter 6).

To mitigate the lack of accessible multi-view canonical supervision and enable
animatable avatar generation from a single image, we propose ReposeHuman, a
video-diffusion-based generation framework:
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• We train a video diffusion model for dense multi-view image generation
in arbitrary poses. The model supports diverse body shapes and sizes, and
produces riggable avatars even from partial views. To improve identity
consistency and pose control, we adapt two existing conditioning mechanisms
to our setting: Image Prompt Adapters (IPA) [35], which we instantiate
as separate Face IPA and Clothing IPA modules for region-specific identity
preservation, and Low-Rank Adaptation (LoRA) [36], which we use as a
Pose LoRA to inject pose-control signals into the diffusion transformer. Our
contribution here is the task-specific composition and training of these adapters
rather than the adapter mechanisms themselves.

• We curate a disentangled 3D human dataset for independent asset control
and structured pose conditioning.

• We enhance the Gaussian Splatting pipeline for geometrically accurate,
high-fidelity asset recovery. We combine 2D Gaussian Splatting, Gaussian
Grouping, and normal supervision to reconstruct smooth and clean clothing
meshes from disentangled Gaussians.

We demonstrate that ReposeHuman generates high-quality, customizable avatars
suitable for animation and virtual environments. It provides a scalable multi-view
generation solution from a single image, ensuring pose consistency and asset editing.
By addressing animation fidelity and disentanglement, ReposeHuman improves
realism and adaptability for interactive and immersive applications.

1.4 Outline

The thesis is organized into seven chapters, outlined as follows.

Chapter 2 reviews the field of 3D human modelling in two aspects: (1) human
pose and shape estimation, and (2) disentangled human generation and animation.
These two threads form the conceptual foundation for the technical contributions
of this thesis.

Chapter 3 provides a comprehensive benchmarking study for human pose and
shape estimation methods beyond algorithmic novelty. In particular, we investigate
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the impact of datasets, backbone architectures, and training strategies on model
performance. This study establishes strong baselines and offers practical guidance
for effective model training and fair evaluation. These findings motivate the
architectural developments in Chapter 4.

Chapter 4 introduces RoboSMPLX, a robust framework for whole-body 3D human
pose and shape estimation. We focus on improving model resilience under real-world
conditions by addressing location-variant sensitivity through three key modules:
localization awareness, contrastive feature learning, and pixel-level alignment. This
chapter strengthens the body-level foundation for the subsequent move to clothed
and disentangled avatar generation in Chapter 5.

Chapter 5 presents Disco4D, a novel method for 4D human generation and animation
from a single image. This chapter introduces a layered representation that models
clothing as a separate Gaussian Splatting-based layer over a canonical SMPL-X
body, allowing for detailed, dynamic, and reusable avatar generation. This layered
representation motivates the need for canonical multi-view supervision, addressed
in Chapter 6.

Chapter 6 proposes ReposeHuman, a video diffusion-based framework for generating
animatable 3D human avatars from a single image. The method first synthesizes
multi-view canonical poses using 2D video diffusion models, then reconstructs
high-quality, disentangled 3D assets. To support this approach, we also introduce a
large-scale dataset of animatable 3D meshes.

Chapter 7 concludes the thesis and discusses a few possible future directions.





Chapter 2

Literature Review

This chapter reviews recent research efforts relevant to the four core works in this
thesis, covering three primary areas: (1) 3D human pose and shape estimation,
and (2) Disentangled 3D human generation and (3) 4D animation. The discus-
sion highlights the limitations of existing methods, which in turn motivate our
contributions.

2.1 3D Human Pose and Shape Estimation

2.1.1 Factors Beyond Algorithms

Unlike traditional human pose estimation, which represents the human body using
skeletal joint keypoints [37], parametric human models offer a mesh-based represen-
tation by encoding human pose and shape through a compact set of parameters.
These models typically rely on linear blend skinning and are widely used across
various applications due to their efficiency and expressiveness. Notable examples
include SMPL [1], SMPL-X [5], STAR [38], and GHUM [39].

Parametric models are capable of producing detailed 3D human meshes with
relatively few parameters. For instance, SMPL represents body pose using 𝜽 ∈ R72

and body shape using 𝜷 ∈ R10, allowing the reconstruction of a mesh with 6890
vertices. SMPL-X [5] extends SMPL [1] by integrating FLAME [40] for facial

11
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Table 2.1: Summary of the datasets used in various mesh recovery
methods and their reported performance (PA-MPJPE in 𝑚𝑚) on 3DPW
and H36M datasets. Abbreviation for the dataset - Human3.6M [43]: H36M,
MPI-INF-3DHP [44]: MI, MuCo-3DHP [50]: MuCo, PoseTrack [51]: PT, OCHu-
man [52]: OCH. 3DPW Protocol 2 (P2) refers to the evaluation (PA-MPJPE) on
3DPW test set without training on 3DPW train set while Protocol 1 (P1) includes
fine-tuning on 3DPW train set. We use the notation [*]EFT/ SPIN/ DP/ SMPLify-X
to denote datasets with EFT, SPIN, DensePose or SMPLify-X fittings.

Method Datasets used Backbones Losses 3DPW (P2)↓ 3DPW (P1)↓ H36M↓

HMR [2] H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 Mixed 76.7 - 56.8
NBF [53] H36M, UP-3D, HumanEva-I ResNet-50 Mixed - - 59.9
GraphCMR [10] H36M, UP-3D, COCO, LSP, MPII ResNet-50 Mixed 70.2 - -
HoloPose [9] H36M, MPII, [COCO]DP ResNet-50 - - - 46.5
SPIN [3] H36M, [MI]SPIN, COCO, LSP, LSPET, MPII ResNet-50 Mixed 59.2 - 41.1
[11] H36M, MI, PT, LSP, LSPET, MPII, COCO ResNet-50 - 52.7
[54] H36M, [COCO]DP, UP3D, [LSP, LSPET, MPII, COCO]SPIN - - 41.7
Pose2Mesh [12] MuCo, [H36M]SMPLify-X, COCO, Freihand PoseNet - 58.9 47
HKMR [55] H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 L1 43.2
I2L-MeshNet [56] MuCo, [H36M]SMPLify-X, COCO, Freihand ResNet-50 - 57.7 41.1
DaNet [57] H36M, [COCO]DP, UP3D, [LSP, LSPET, MPII, COCO]SPIN - - 54.8 40.5
Pose2Pose [13] MuCo, [H36M]SMPLify-X, COCO-Wholebody, Freihand - - 55.3 47.4
HybrIK [58] H36M, MI, COCO ResNet-34 - 48.8
METRO [59] H36M, UP-3D, MuCo, COCO, MPII, Freihand HRNet-W64 - 47.9 36.7
BMP [60] H36M, MI, MuCo, COCO, LSP, LSPET, PT, MPII ResNet-50 MSE 63.8 51.3
HUND [39] H36M, 3DPW, COCO-2017, OpenImages - - 57.5 53
EFT [14] [COCO, MPII, LSPET]EFT ResNet-50 Mixed 54.2 52.2
ProHMR[15] H36M, [MI, COCO, MPII]SPIN ResNet-50 Mixed 59.8 41.2
DSR [16] H36M, MI, [COCO]EFT ResNet-50 Mixed 54.1 51.7
ROMP [61] H36M, UP-3D, [MI, COCO, MPII, LSP]SPIN, AICH ResNet-50 - 54.9 62

ROMP[61] H36M, UP-3D, [MI, COCO, MPII, LSP]SPIN, AICH,
PT, CrowdPose, MuCo, OH ResNet-50 - 53.3 56.8

Graphormer [62] H36M, MuCo, UP-3D, COCO, MPII HRNet-W64 L1 45.6 34.5
THUNDR [63] H36M, 3DPW, COCO-2017, OpenImages ResNet-50 - 51.5 39.8
PyMAF [64] H36M, [MI]SPIN, COCO, LSP, LSPET, MPII ResNet-50 - 58.9 51.2 40.5

SPEC [17] Pano360, SPEC-SYN, SPEC-MTP, 3DPW, MI,
H36M, [COCO, MPII, LSPET]EFT

ResNet-50 - 53.2

PARE [4] [COCO, MPII, LSPET]EFT, MI, H36M ResNet-50 Mixed 52.3
PARE [4] [COCO, MPII, LSPET]EFT, MI, H36M HRNet-W32 Mixed 50.9 46.5

modeling and MANO [41] for hands, and is trained on large-scale 3D scan data to
capture diverse human shapes.

For a broader overview of monocular 3D human mesh reconstruction, Tian et al. [42]
surveyed various model architectures and benchmark results. They highlighted
factors such as output type, pseudo supervision, dataset selection, and evalua-
tion protocols as sources of performance variance, though no empirical validation
was provided. In contrast, our work conducts systematic experiments to analyze
how dataset choice, network architecture, and training strategy influence model
performance, providing practical insights for robust HPSE.

Datasets. Kanazawa et al. [2] combined Human3.6M (H36M) [43], MPI-INF-
3DHP [44], COCO [45], LSPET [46], LSP [47] and MPII [48]. To utilize multiple
datasets,they concatenated the datasets using a manually defined sampling ratio,
ensuring that datasets with a substantially larger number of samples (i.e. H36M)
do not dominate the training process [2, 3]. Recently, more competitive datasets
are introduced [14, 49] for training high-performing models.

Table 2.1 summarises the datasets used in various human mesh recovery algorithms.
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Many existing algorithms are trained on distinct combinations of datasets, yet their
performance on the 3DPW [65] test set is often compared directly, even when the
training data differ.

Further complicating comparisons, [39] highlighted that multiple evaluation pro-
tocols have been used. Following SPIN [3], most studies adopt protocol 2, in
which the 3DPW test set is evaluated without fine-tuning on the 3DPW training
split. However, some works instead apply protocol 1, incorporating the 3DPW
training set during model training [8, 17, 59, 66–68]. For H36M [43], at least four
protocols exist: the original evaluation protocol defined by the dataset creators,
evaluation on the withheld test set, and protocols 1 and 2 introduced by [3], which
repartition the original training and validation sets with available ground truth.
More recently, [39] added evaluation on Panoptic-test [69] and MuPoTs-3D-test
[50], while [70] recommended AGORA-test and [14] proposed EFT-OCHuman-test
and EFT-LSPET-test for more challenging benchmarks.

Architectures.

Since HMR proposed by Kanazawa et al. [2], ResNet-50 [71] has been the default
backbone in many mesh recovery pipelines [3, 4, 7, 14]. More recently, PARE [4]
replaced ResNet-50 with HRNet-W32 [72], attributing the observed performance
improvements to HRNet-W32’s ability to generate high-resolution, robust feature
representations. Cai et al. [73] further explored alternative backbones, including
deeper CNNs such as ResNet-101 and ResNet-152 [71], as well as DeiT [74], a vision
transformer. As expected, larger-capacity models generally perform better [73],
though vision transformers did not show consistent advantages over CNN-based
architectures.

Training strategy. Following HMR [2], most mesh recovery frameworks use a
combination of losses: Mean Squared Error (MSE) for keypoint supervision and L1
loss for supervising SMPL parameters.

Augmentation techniques widely used in pose estimation [3–5, 14, 50, 55, 60, 75–
78] have also been adopted for mesh recovery, though with varying effectiveness.
Occlusion augmentation has been shown to provide substantial benefits [55, 60],
while other works report only minor gains [7]. Joo et al. [14] report that extreme
cropping offers only marginal improvement, and PARE [4] found that it can even
reduce performance on the 3DPW benchmark. Since these findings are based on
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different dataset compositions and benchmarks, a more controlled and systematic
investigation is needed to assess the impact of augmentation on individual datasets.

2.1.2 Algorithmic Robustness

Whole-body Mesh Recovery. Despite significant progress in 3D body-specific
[3, 4, 10, 12, 14–17], hand-specific [59, 79], and face-specific [80] mesh recovery
methods, there have been limited attempts to simultaneously recover all those parts.
Early studies on whole-body pose and shape estimation primarily fit a 3D human
model to 2D or 3D evidence [5, 81–83], which can be slow and susceptible to noise.
Recent studies utilized neural networks to regress the SMPL-X parameters for a
whole-body 3D human mesh. The model is composed of separate sub-networks to
process body, hand and face, respectively. One-stage methods, e.g., OS-X [84], have
the benefit of reduced computational costs and improved communication within
part modules for more natural mesh articulation. However, the omission of hand
and face experts makes it difficult for the model to leverage the widely available
part-specific datasets, thus decreasing the hand and face performance. Multi-stage
methods, e.g., ExPose [85], FrankMocap [86], PIXIE [87] and Hand4Whole [13], use
different techniques to localize part crops.

In response, recent studies utilized neural networks to regress the SMPL-X pa-
rameters for a whole-body 3D human mesh. The model is composed of separate
sub-networks to process body, hand and face, respectively. These methods can
be classified into two categories. (1) One-stage methods, e.g., OS-X [84], have
the benefit of reduced computational costs and improved communication within
part modules for more natural mesh articulation. However, the omission of hand
and face experts makes it difficult for the model to leverage the widely available
part-specific datasets, thus decreasing the hand and face performance. (2) Multi-
stage methods, e.g., ExPose [85], FrankMocap [86], PIXIE [87] and Hand4Whole
[13], use different techniques to localize part crops. Expose [85] and PIXIE [87]
localize hand and part crops from the body mesh, making them dependent on the
accuracy of body poses. Minor rotation errors accumulated along the kinematic
chain may result in deviations in joint locations and thus inaccurate part crops. In
contrast, Hand4Whole [13] predicts hand and face bounding boxes using a network
leveraging image features and 3D joint heatmaps, but the resulting crops have low
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resolution. PyMAF-X [57] relies on an off-the-shelf whole-body pose estimation
model to obtain crops, which, while more accurate, is not an end-to-end solution.

Contrastive Learning. Contrastive learning has recently emerged as a leading
paradigm in self-supervised learning, achieving strong performance in various do-
mains. This approach has been applied to 3D hand pose and shape estimation
[88, 89].

In the context of 3D human pose and shape estimation, [90] was the first to
investigate its utility, reporting that self-supervised contrastive learning offered
limited benefits because the resulting embeddings were difficult to associate with
high-level human-specific features. Supervised contrastive learning, introduced in
[91] for image classification, integrates label information to bring embeddings of
the same class closer and push apart those from different classes. However, no
prior work has adapted this strategy for human pose and shape estimation, where
defining positive samples is challenging and the data lies in a continuous space.
Our work is the first to address these challenges, applying supervised contrastive
learning to whole-body pose and shape estimation.

Pixel Alignment in Pose and Shape Estimation. Numerous methods aim to
improve the localization of subjects in images. Some approaches rely on implicit
supervision, projecting the predicted mesh and supervising the corresponding 2D
joints [2–4, 10, 12, 14–17]. Others enhance alignment with additional dense cues,
such as body landmarks, silhouettes, or part segmentation [4, 16, 53, 54, 66, 78,
92]. Alternatively, explicit localization methods directly predict the positions of
body parts in the image. For instance, [13] predicts keypoint coordinates, while
semantic body part segmentation has been used as an intermediate representation
[4, 53]. PARE [4] employs differentiable rendering to project the ground-truth
mesh into image space and supervise part silhouettes. However, dense prediction
and differentiable rendering have yet to be fully integrated into whole-body pose
and shape estimation. A complementary direction is taken by Neural Localizer
Fields [93], which reformulate pose and shape estimation as a continuous neural
field over the human body volume, enabling localization of arbitrary queried 3D
points in the image. This unifies heterogeneous supervision (e.g., mesh, 2D/3D
skeleton, dense pose) without format conversion and decouples representation
from specific parametric outputs. In contrast, our framework remains within
the parametric regression paradigm and targets a different bottleneck—jointly
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improving localization, feature robustness under input perturbations, and image-
space consistency.

2.2 3D Disentangled Human Generation

3D human generation aims to generate 3D human representations from image or
text conditions. This section first reviews representations for 3D human generation.

Table 2.2 summarizes the relevant 3D/4D generation methods. We describe their
details below.

2.2.1 3D Human Generation

Single-image 3D Generation. Single-image reconstruction leverages advanced
methods [94, 95] to generate 3D assets in the form of 3D point clouds or NeRF
[96] from one image. While earlier efforts using auto-encoders focused on synthetic
objects [78, 97–101], newer approaches treat the task as conditional generation,
employing diffusion models [102] for 3D generation from both image and text [102–
109]. One-2-3-45 [110] uses 2D diffusion models [105, 111] to generate multi-view
images for reconstruction, while LRM [112] adopts transformer-based architecture
to scale up the task on large datasets [106, 113]. Gaussian-based methods [114],
particularly DreamGaussian [115] and LGM [116], offer efficient, high-resolution
3D model generation from text or images. Recently, video diffusion models have
attracted significant attention due to their remarkable ability to generate intricate
scenes and complex dynamics with great spatio-temporal consistency [117–123].
They are employed to generate consistent multi-view images, and then reconstruct
underlying 3D assets with high quality [124].

Single-image human-centric 3D Generation. Significant research efforts have
been made for 3D human reconstruction, which can be classified into the following
categories. (1) Explicit-shape-based methods rely on Human Mesh Recovery (HMR)
using parametric models like SMPL [1] and SMPL-X [5] to generate 3D body meshes
[2–4, 12–14, 16, 17, 57, 85–87]. To account for 3D garments, several approaches
incorporate offsets [125, 126] or templates, utilize deformable garment templates
[127, 128], or employ non-parametric forms for clothed figures [24, 129, 130]. Despite
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Table 2.2: 3D/4D generation methods from a single image.

Method Type Layered Animatable
LGM [116] General ✗ ✗
PiFU [19] Human-centric ✗ ✗
DreamFusion [108] General ✗ ✗
DreamGaussian [115] General ✗ ✗
PiFU [19] Human-centric ✗ ✗
D-IF [132] Human-centric ✗ ✗
HiLo [133] Human-centric ✗ ✗
ECON [24] Human-centric ✗ ✗
SHERF [26] Human-centric ✗ ✓

Disco4D Human-centric ✓ ✓

their advancements, they face limitations in handling complex outfit variations and
loose clothing due to inherent topological constraints. (2) Implicit-function-based
methods utilize implicit representations like occupancy or distance fields for model-
ing clothed humans with complex geometries, such as loose garments. Techniques
range from end-to-end regression of free-form implicit surfaces [18–20] to use of
geometric priors [21–25] and implicit shape completion [24]. Notable works such
as PIFu [19], ARCH(++) [21, 22], and PaMIR [23] can extract textured models
from images, but struggle with depth ambiguities and texture inconsistencies. (3)
NeRF-based methods incorporate model-based priors (i.e., SMPL-X) for accurate
human reconstruction. Efforts like SHERF [26] and ELICIT [27] improve the
reconstruction coherence by addressing 2D observation incompleteness leveraging
appearance priors. (4) Diffusion-plus-Gaussian methods combine multi-view dif-
fusion priors with 3D Gaussian Splatting, using the explicit 3D representation
to enforce cross-view consistency. Human3Diffusion [131], for example, couples a
multi-view diffusion model with a Gaussian reconstruction branch, enabling the two
components to co-adapt during training and produce high-fidelity geometry and
appearance from a single image. However, these methods typically yield entangled
human representations, limiting fine-grained control over individual components
such as clothing, hair, and accessories, motivating the disentangled representations
explored in this thesis.

3D Clothing Modeling. Reconstructing clothing from images and videos as a
separate layer over the human body poses significant challenges due to the diversity
of clothing topologies. Previous efforts relied on either template meshes or implicit
surface models, and required extensive, high-quality 3D data from simulations [134–
137] or tailored template meshes [138–141]. New methods were developed [127, 142]
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for multi-clothing models and versatile template meshes, respectively, facilitating
diverse clothing topology encoding. However, these techniques typically fall short
in capturing the clothing texture and appearance. The reliance on predefined
clothing style templates further constrains their ability to handle real-world clothing
variations. Corona et al. [143] addressed these shortcomings by representing clothing
layers with deep unsigned distance functions and an auto-decoder for style and cut
differentiation, though this often produces overly-smooth reconstructions [143]. On
the other hand, SCARF [144] and DELTA [145] significantly enhance the visual
fidelity by applying NeRF to clothing layers, but require self-rotating video inputs
and considerable processing times.

Multi-view Canonical Image Synthesis. Inspired by these successes [105, 111],
newer approaches apply diffusion to multi-view human image generation for 3D
human reconstruction [146, 147]. However, these models remain static and non-
animatable, limiting their applicability for dynamic avatar creation and real-time
animation.

Diffusion models achieve strong quality and control for image-based human an-
imation [28–30, 32, 148, 149]. Many use a UNet-based ReferenceNet and pose
guider for pose-aware synthesis. CHAMP [32] adds denser controls by combining
SMPL-rendered normals, semantic maps, depth, and skeleton guidance in its latent
model. However, these models rely on 2D video data and lack 3D supervision. As a
result, they suffer from dynamic clothing artifacts, poor temporal consistency, tex-
ture incoherence, inconsistent facial features, and body shape changes across views.
Their inability to generate consistent multi-view images limits their effectiveness
for 3D avatar generation.

For animatable avatars, CharacterGen [33] and EN3D [34] generate riggable models
from four A-pose images. However, their reposing often fails to preserve fine
body shape, facial details, and clothing accuracy. Modeling in A-pose also limits
articulation and causes artifacts from self-occlusion during reposing or novel view
synthesis. Using T-pose, X-pose, or DA-pose offers more varied limb orientations,
reduces self-occlusion, and improves realism, generalization, and adaptability.

3D Clothed Human Datasets. High-precision 3D humans are usually created by
scans or multi-view capture. Scan datasets like THuman2.0 [150], Twindom, and
2K2K [151] capture detailed geometry but cover few subjects and simple poses. Large
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datasets like Objaverse [106] and MVImgNet [113] focus on general objects and lack
human-specific details. Diffusion-based 2D datasets such as HuGe100K [152] improve
pose, body shape, and clothing diversity but may introduce body inconsistencies,
artifacts, and facial identity variations, lowering their reliability for training.

2.3 4D Human Animation

4D Animation. This task aims at capturing dynamic 3D scenes over time. Two
primary approaches have emerged: modeling 4D scenes by adding time dimension
𝑡 or latent codes to spatial coordinates [153–155]; combining deformation fields
with static 3D scenes [156–162]. Recent efforts in explicit or hybrid representa-
tions, like planar decomposition [163–165], hash representations [166], and other
innovative methods [167–169], have improved reconstruction speed and quality.
Gaussian Splatting, especially, stands out for balancing efficiency with quality,
with dynamic 3D Gaussians [170] and 4D Gaussian Splatting [171, 172] techniques
introducing time-dependent deformations to enhance reconstructions. Notably,
DreamGaussian4D [173] stands out by minimizing the optimization time while
achieving high-quality 4D reconstructions.

Human-centric 4D Animation. Recent works leverage Gaussian-based methods
[174–180] for 4D human reconstruction, requiring extensive frame sequences (50-100
frames) and/or multiple viewpoints. Currently there has not been any work on 4D
layered human generation and animation from a single image or a video with few
images, which will be achieved in this paper.

2.4 Conclusion

The literature reviewed in this chapter reveals four key gaps, each motivating one
of the technical contributions of this thesis.

Gap 1 (Benchmarking rigor). Progress in human mesh recovery has been
reported under widely differing dataset compositions, backbone architectures, and
training protocols, making cross-method comparisons difficult to interpret. There
has been limited systematic study that holds the algorithm constant while varying
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these factors, which is necessary to establish fair baselines and to quantify the
contribution of each component.

Gap 2 (Robustness of whole-body estimation). Existing whole-body methods
typically rely on separate, independently cropped sub-networks for body, hand, and
face, and therefore depend heavily on bounding-box quality. Empirical evidence
suggests that even small perturbations in crop scale or alignment can lead to
significant error increases. This highlights three underexplored challenges: accurate
subject localization, learning feature representations that are invariant to input
perturbations, and achieving consistent image–model alignment.

Gap 3 (Disentangled single-image 3D human generation). Beyond the
commonly cited scarcity of paired clothed-human data, disentangled single-image
generation is constrained by several structural limitations. First, many methods
represent body and clothing as a single fused mesh, limiting asset extraction and
fine-grained editing. Second, representations that tightly couple geometry and
appearance make it difficult to attach semantic meaning to individual components
such as clothing. Third, occluded regions are often inferred without strong geometric
constraints, leading to inconsistencies in reconstruction. These limitations suggest
that data scarcity alone does not fully explain the challenges in this setting.

Gap 4 (Animatable, customizable avatars from a single image). Current
approaches either require impractical capture conditions, such as self-rotating videos,
or rely on single-image diffusion models trained with weak 2D supervision, which
often fail to preserve body shape and struggle with occlusions. Methods that syn-
thesize canonical multi-view images provide only sparse coverage, limiting geometric
accuracy, and generally do not support disentangled, reusable representations of
clothing and other assets.

These gaps directly motivate the contributions of this thesis. Specifically, the
subsequent chapters address benchmarking rigor (Chapter 3), robustness in whole-
body estimation (Chapter 4), disentangled 3D human generation (Chapter 5), and
the creation of customizable, animatable avatars from minimal input (Chapter 6).



Chapter 3

Benchmarking 3D Pose and Shape

Estimation Beyond Algorithms

3.1 Introduction

This chapter addresses the first stage of the broader pipeline shown in Fig. 1.1.
Rather than proposing a new architecture, we ask what actually drives human
mesh recovery performance in practice. The findings of this chapter establish the
foundation for the subsequent work on robust whole-body pose and shape estimation
in Chapter 4.

Despite significant progress in mesh recovery algorithms, previous studies have
rarely conducted systematic analyses of other fundamental factors that critically
influence model performance. (1) Different choices of datasets and their respective
contributions can lead to varying results. This is particularly evident in human mesh
recovery, where datasets containing different label modalities (e.g., 2D keypoints,
3D keypoints, segmentation masks, SMPL parameters) are often combined for
training. (2) Mesh recovery models are commonly trained using a pretrained
backbone, and the quality of this backbone—such as its network architecture
and weight initialization—is a key determinant of downstream performance. (3)
Model performance is also highly sensitive to training strategies, including data
augmentation techniques and loss function design. It is still unclear how these factors

The work in this chapter has been published in [181].
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can affect the model performance and what are the optimal training configurations
to obtain good mesh recovery models.

This lack of understanding can significantly hinder the advancement of mesh recovery
research. In particular, new algorithms may be developed and evaluated under
suboptimal training settings, preventing their full potential from being accurately
reflected. For instance, the state-of-the-art algorithms SPIN [3] and PARE [4] can
achieve the PA-MPJPE (i.e., recovery error) of 59.2 𝑚𝑚 and 50.9 𝑚𝑚, respectively,
while we can obtain the PA-MPJPE of 47.3 𝑚𝑚 by selecting a better configuration
with a simple base method (Table 3.1). Second, several previous studies have
compared algorithms or methods that were trained under different configurations,
which can result in biased or inconsistent evaluations. For instance, HMR [2]
and SPIN [3] are commonly adopted as baselines in comparisons with a range of
other approaches [4, 14, 16, 17, 58], even though they rely on markedly different
combinations of training datasets. In contrast, only a limited number of works
[17, 64] have ensured fairness by using the identical dataset composition as HMR
or SPIN, or by replicating HMR’s dataset configuration for ablation experiments.

To tackle the issues outlined above, we conduct an extensive benchmarking study
on human mesh recovery from three key perspectives. (1) Datasets. We carry out
thorough evaluations across 31 datasets, including several that have not previously
been explored for mesh recovery. Our findings show that careful dataset selection can
yield substantial performance improvements. We highlight the characteristics that
make a dataset effective and offer recommendations for improving existing datasets
or designing new ones. (2) Backbone. While most existing methods still employ
traditional CNN-based feature extractors [4, 16], our study expands the comparison
to 10 different backbone architectures, incorporating vision transformers. We
further analyze the role of pretraining and find that initializing weights from a high-
performing pose estimation model significantly benefits mesh recovery performance.
(3) Training strategy. We investigate a range of data augmentation techniques
and loss function designs, revealing that L1 loss provides better supervision and
noise suppression than the commonly used mixed-loss formulations. We also explain
the varying effectiveness of different augmentation strategies in terms of the feature
distribution discrepancies between training and testing datasets.

Bringing together our findings, we establish strong baselines for various dataset
combinations and backbones using the HMR framework [2] and evaluating on the
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Table 3.1: Our identified optimal baseline models with the performance
on the 3DPW test set. Abbreviations for the datasets - Human3.6M [43]:
H36M, MPI-INF-3DHP [44]: MI, MuCo-3DHP [50]: MuCo, PoseTrack [51]: PT,
OCHuman [52]: OCH

Algorithm Dataset Backbone PA-MPJPE↓ MPJPE↓ PA-PVE↓ PVE↓
PARE [4] EFT-[COCO, LSPET, MPII], H36M, SPIN-MI HrNet-W32 50.90 82.0 - 97.9

Ours EFT-[COCO, LSPET, MPII], H36M-Aug, SPIN-MI HrNet-W32 47.68 81.16 64.70 98.23
SPIN [3] H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 59.2 96.9 - 135.1
HMR [2] H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 76.7 130.0 - -

Ours H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 51.66 82.80 70.53 100.59
Ours H36M, MI, COCO, LSP, LSPET, MPII Twin-SVT-B 48.77 82.91 66.91 96.33
Ours H36M, MI, COCO, LSP, LSPET, MPII HrNet-W32 49.18 79.76 68.58 96.07
Ours H36M-Aug, MI, COCO, LSP, LSPET, MPII Twin-SVT-B 47.70 79.16 66.53 95.03
Ours EFT-[COCO, LSPET, MPII], H36M, SPIN-MI Twin-SVT-B 47.31 81.90 64.19 96.56
Ours H36M, MI, EFT-COCO HrNet-W32 48.08 83.16 66.01 100.59
Ours H36M, MI, EFT-COCO Twin-SVT-B 48.27 84.39 64.72 99.61
Ours H36M, MuCo, EFT-COCO Twin-SVT-B 47.76 80.03 64.43 98.07
Ours EFT-[COCO, LSPET, PT, OCH] H36M, MI Twin-SVT-B 49.33 83.13 66.29 99.73

3DPW test set [65], as summarized in Table 3.1. According to [70], performance on
the 3DPW-test benchmark appears to be reaching saturation in the PA-MPJPE
range of 50+𝑚𝑚, making it harder to gauge progress toward fully robust and
generalizable solutions. In this work, we achieve a PA-MPJPE of 47.68 𝑚𝑚 using
the same backbone and dataset selection as PARE [4], which reports 50.9 𝑚𝑚

despite employing a more complex design. When matching the model capacity and
dataset selection of HMR (76.7 𝑚𝑚) [2] and SPIN (59.2 𝑚𝑚) [3], our approach
attains 51.66 𝑚𝑚. Using HMR’s original dataset and split—without any EFT or
SPIN fittings—we further achieve 48.77 𝑚𝑚.

With improved dataset selection inspired by [4], our best-performing configura-
tion attains 47.31 𝑚𝑚 without fine-tuning on the 3DPW training set. We hope
these competitive results encourage the community to prioritize advancements in
algorithmic design over variations in training setups in future research.

3.2 Preliminaries

Base model. The origin of many mesh recovery works [3–5, 7, 8, 15, 16, 182] can
be traced back to HMR [2]. HMR employs a neural network to directly regress the
parameters of the SMPL body model [2], a differentiable function mapping pose
parameters 𝜃 and shape parameters 𝛽 to a triangulated mesh consisting of 6,980
vertices. Building upon this foundation, later studies have introduced modifications
to improve accuracy and robustness. Examples include incorporating an optimiza-
tion loop [3], estimating camera parameters [17], or adopting probabilistic pose
estimation [15]. Other extensions expand HMR to predict additional dimensions,
such as appearance (e.g., HMAR [183]) or temporal information (e.g., HMMR [184],
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VIBE [7], MEVA [8]). We select HMR as a benchmark model given its extensive use
as a baseline in prior work [14, 16, 70, 73]. Section 3.6 further reports benchmarking
results for additional algorithms.

Evaluation. We adopt the standard evaluation protocol described in [2, 3], using
PA-MPJPE (in mm) as the primary metric, where lower values indicate more
accurate recovery. The aim is to estimate pose parameters 𝜃 and shape parameters 𝛽,
which are then passed to the parametric human model to produce joint coordinates.
This metric inherently captures both shape and mesh accuracy [3, 42, 59, 62].
Since PA-MPJPE alone may not fully reflect performance [64, 185], we also report
additional measures including PVE, PA-PVE, and MPJPE.

Our main evaluation is conducted on the 3DPW [65] test set without fine-tuning
on its training data (Protocol 2 )0. Section 3.6 also provides results on additional
benchmarks, reinforcing that 3DPW is representative for in-the-wild evaluation.

Because 3DPW contains a diverse range of outdoor scenes, it is frequently used as the
primary or sole benchmark for assessing real-world performance [2–4, 7, 14, 16, 61].
For completeness, we also evaluate on the indoor H36M [43] test set. The results,
shown in Table 3.2, are consistent with those obtained on 3DPW.

All models are trained for 100 epochs1 and evaluated at each epoch, with the best
PA-MPJPE reported. Our benchmarking is carried out from three perspectives
– datasets (Section 3.3), backbones (Section 3.4), and training strategies (Section
3.5).

3.3 Benchmarking Training Datasets

Training datasets are a critical factor in determining mesh recovery performance.
Table 2.1 in Section 2 summarises the datasets employed across different algorithms.
Many studies rely on their own heuristically chosen dataset combinations [4, 14,
16, 17, 58], making it difficult to disentangle performance improvements due to the
proposed method from those arising from curated dataset selection. This highlights
the need for controlled benchmarks using varied dataset configurations. In this

0Some studies [8, 17, 59, 66–68] use Protocol 1, which includes the 3DPW training set. While
this generally leads to improved results, it is not consistently adopted across works.

1All experiments are conducted using 8 Tesla V100 GPUs.
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Table 3.2: HMR model performance (PA-MPJPE in 𝑚𝑚) on the 3DPW
[65] and H36M[43] test sets when trained on individual datasets. For
PROX and MuPoTs-3D, only 2D keypoints are used for training. P:
person-person occlusion O: person-object occlusion.

. Extra evaluation on other datasets (AGORA, MPI-INF-3DHP, EFT-COCO, MuPots-3D, EFT-OCH, EFT-
LSPET) and other metrics for (MPJPE, PA-PVE, PVE) for 3DPW can be found in the main paper.

Training dataset Annotation type Env. # Samples # Subjects # Scenes # Cam Occ. 3DPW↓ H36M↓
PROX [186] * 2DKP Indoor 88484 11 12 - O 84.69 112.31

COCO-Wholebody [191] 2DKP Outdoor 40055 40055 - - - 85.27 95.51
Instavariety [6] 2DKP Outdoor 2187158 >28272 - - - 88.93 98.74

COCO [45] 2DKP Outdoor 28344 28344 - - - 93.18 97.72
MuPoTs-3D [50] * 2DKP Outdoor 20760 8 - 12 95.83 137.60

LIP [187] 2DKP Outdoor 25553 25553 - - - 96.47 113.09
MPII [48] 2DKP Outdoor 14810 14810 3913 - - 98.18 121.46

Crowdpose [188] 2DKP Outdoor 13927 - - - P 99.97 123.47
Vlog People [6] 2DKP Outdoor 353306 798 798 - - 100.38 121.42

PoseTrack (PT) [51] 2DKP Outdoor 5084 550 550 - - 105.30 135.05
LSP [47] 2DKP Outdoor 999 999 - - - 111.45 153.36

AI Challenger [189] 2DKP Outdoor 378374 - - - - 111.66 115.07
LSPET [46] 2DKP Outdoor 9427 9427 - - - 112.26 125.44

Penn-Action [190] 2DKP Outdoor 17443 2326 2326 - - 114.53 130.17
OCHuman (OCH) [52] 2DKP Outdoor 10375 8110 - - P,O 130.55 131.77

MuCo-3DHP (MuCo) [50] 2DKP/ 3DKP Indoor 482725 8 - 14 P 78.05 106.08
MPI-INF-3DHP (MI) [44] 2DKP/ 3DKP Indoor 105274 8 1 14 - 107.15 132.49

3DOH50K (OH) [54] 2DKP/ 3DKP Indoor 50310 - 1 6 O 114.48 132.38
3D People [192] 2DKP/ 3DKP Indoor 1984640 80 - 4 - 108.27 117.19
AGORA [70] 2DKP/ 3DKP/ SMPL Indoor 100015 >350 - - P,O 77.94 105.22

SURRREAL [193] 2DKP/ 3DKP/ SMPL Indoor 1605030 145 2607 - - 110.00 149.99
Human3.6M (H36M) [43] 2DKP/ 3DKP/ SMPL Indoor 312188 9 1 4 - 124.55 52.68

EFT-COCO [14] 2DKP/ SMPL Outdoor 74834 74834 - - - 60.82 72.87
EFT-COCO-part [14] 2DKP/ SMPL Outdoor 28062 28062 - - - 67.81 82.36
EFT-PoseTrack [14] 2DKP/ SMPL Outdoor 28457 550 - - - 75.17 94.74

EFT-MPII [14] 2DKP/ SMPL Outdoor 14667 3913 - - - 77.67 93.77
UP-3D [194] 2DKP/ SMPL Outdoor 7126 7126 - - - 86.92 181.7
MTP [195] 2DKP/ SMPL Outdoor 3187 3187 - - - 87.03 93.69

EFT-OCHUMAN [14] 2DKP/ SMPL Outdoor 2495 2495 - - P,O 94.01 109.85
EFT-LSPET [14] 2DKP/ SMPL Outdoor 2946 2946 - - - 100.53 112.03

3DPW [65] SMPL Outdoor 22735 7 - - - 89.36 130.63

work, we present a systematic and extensive evaluation of how training datasets
influence HMR accuracy. Our benchmarks include not only datasets commonly used
in earlier mesh recovery research, but also recently introduced ones (e.g., PROX
[186], AGORA [70]) and datasets widely adopted in 2D/3D pose estimation (e.g.,
LIP [187], CrowdPose [188], AI Challenger [189], Penn-Action [190], MuCo-3DHP
[50], etc.). We further examine specific dataset characteristics that can affect model
performance—factors that have received little attention in prior work.

3.3.1 Dataset Attributes

Different datasets possess distinct characteristics that can significantly influence
model performance. To facilitate a clear analysis of their effects, we individually
train the HMR model on each dataset in our collection and then evaluate its
performance. The attributes of these datasets, along with the corresponding results,
are presented in Table 3.2.

Non-critical attributes. [14] reported an indoor–outdoor domain gap, where
models trained on outdoor datasets tend to underperform on indoor benchmarks,
and vice versa. However, our large-scale benchmarks show that this is an oversimpli-
fication, and performance cannot always be explained solely by the indoor–outdoor
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gap. For example, models trained on some indoor datasets (e.g., PROX, MuCo-
3DHP) achieve strong results on the outdoor 3DPW benchmark, surpassing many
models trained on outdoor datasets. Conversely, models trained on certain indoor
datasets (e.g., MPI-INF-3DHP, 3DOH50K) perform poorly on the indoor H36M
test set (see Table 3.2). We also observe only weak correlations between dataset
size and performance. For instance, COCO, with roughly one-tenth the number of
samples in H36M [43], still achieves higher accuracy on the 3DPW test set.

Critical attributes. Several dataset characteristics strongly influence model
accuracy, including human pose variety, body shape (height, limb proportions),
scene type, lighting conditions, occlusion (self, inter-person, and environmental),
annotation type (2D/3D keypoints, SMPL), and camera properties (e.g., viewing
angles) [14, 42, 70, 73, 196, 197]. Greater similarity between these attributes in the
training and test sets generally leads to better performance.

To investigate this, we use a well-trained HMR model to extract distributions for
four attributes: 1) pose 𝜃 ∈ 𝑅69, 2) shape 𝛽 ∈ 𝑅10 and 3) camera translation 𝑡𝑐 ∈ 𝑅3

obtained from the head, and 4) features 𝑓 ∈ 𝑅2048 obtained from the ResNet-50
backbone. Fig. 3.1 presents UMAP visualizations [198] for four representative
datasets: COCO, 3DPW, H36M, and MPI-INF-3DHP. We have the following ob-
servations. First, COCO exhibits high diversity in all attributes, with significant
overlap with 3DPW, explaining its strong performance on that benchmark. Second,
H36M shows limited pose diversity (Fig. 3.1a) and has distinctly different distri-
butions of features (Fig. 3.1d) and shape (Fig. 3.1b) from 3DPW. This is likely
due to the small number of subjects (9) and a single capture environment (Table
3.2). In addition, H36M’s shape and camera distributions also differ from those
of MPI-INF-3DHP, which contributes to poor cross-dataset performance between
them. Full H36M benchmark results and additional visualizations of attribute
distributions for other datasets are provided in [181].

Notably, indoor datasets that achieve strong results on the outdoor 3DPW bench-
mark often contain a high degree of person–person occlusion (MuCo-3DHP) or per-
son–object occlusion (PROX) (Fig. 3.2). In real-world settings, occlusion frequently
occurs due to self-overlapping body parts, close proximity between individuals,
or contact with surrounding objects [70]. Our findings suggest that such occlu-
sion plays a more influential role in cross-domain generalization than background
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Figure 3.1: Distributions of pose, shape, camera, backbone feature
distributions in four datasets (better viewed in color).

(a) MPI-INF-3DHP [44] (b) MuCo-3DHP [50] (c) PROX [186]

Figure 3.2: [
Example images from MPI-INF-3DHP, MuCo-3DHP, and PROX]Example images
sourced from (a) MPI-INF-3DHP [44] (b) MuCo-3DHP [50] and (c) PROX

[186].

differences. This is evident in two cases: (1) MuCo-3DHP [50], created by com-
positing MPI-INF-3DHP [44] with inter-person occlusions, leads to substantially
better HMR performance than MPI-INF-3DHP alone (78.05 vs. 107.15 PA-MPJPE
(𝑚𝑚)). (2) PROX [186], the only indoor 2D keypoint dataset containing numer-
ous person-object interactions with furniture (Fig.3.2), achieves the best 3DPW
performance (PA-MPJPE of 84.69 𝑚𝑚) among all 2D keypoint datasets, including
outdoor ones. Importantly, when background, lighting, and actors are held constant,
adding inter-person occlusion in MuCo-3DHP leads to significant performance gains.
This improvement is further supported by the observation that the pose, shape,
camera, and feature distributions of MuCo-3DHP and PROX (see Figure 3.3(a) -
3.3(d)) are closer to those of 3DPW-test [65] and other in-the-wild datasets than
MPI-INF-3DHP, highlighting the central role of occlusion in bridging the domain
gap.

To highlight the significance of the SMPL fitting process, we compare EFT datasets
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Table 3.3: HMR model performance with EFT datasets.

Dataset w/ SMPL w/o SMPL
EFT-COCO 60.82 94.42

EFT-COCO-Part 67.81 101.65
EFT-PoseTrack 75.17 103.10

EFT-MPII 77.66 99.87
EFT-OCHuman 94.01 121.68

EFT-LSPET 100.53 134.62

with and without SMPL annotations, as reported in Table 3.3. We find that incor-
porating EFT fittings can lower PA-MPJPE by more than 20 𝑚𝑚 across different
datasets. This aligns with the observations in [14, 73] that SMPL parameters (𝜃 and
𝛽) serve as a more powerful supervision signal than either 2D or 3D keypoints. Cai
et al.[73] further explained this by noting that strong supervision enables gradient
flow to reach the learnable SMPL parameters via the most direct path.

Remark #1: The indoor/outdoor settings or number of data points are not
strong indicators for the model performance. Some attributes (e.g., human pose
and shape, camera characteristics, backbone features) are more critical, and
having high diversities (leading to considerable overlap between the training and
test sets distributions) can give more satisfactory results. Occlusion (person-
person or person-object) and SMPL fittings can also help boost recovery accuracy.

3.3.2 Combination of Multiple Datasets

It is a common practice to train the mesh recovery model with multiple datasets of
different domains and annotation types. Past works select the datasets empirically.
We contend that different combinations of datasets can cause substantial fluctuations
in performance. We explore their impacts from two directions.

Selection of datasets. We begin by evaluating different combinations of training
datasets, as listed in Table 3.4. Particularly, Mix 2 follows the configuration used
in DSR [16] and EFT [14] while Mix 6 adopts that of PARE [4]. We have several
observations. First, the choice of the training sets has a major impact on the
model performance, often exceeding the influence of the training algorithm itself.
For example, with Mix 2, our HMR baseline achieves a PA-MPJPE of 55.98 mm,
whereas DSR and EFT, which employ more advanced methods, report 54.1 mm
and 54.7 mm, respectively. The performance gap here is modest compared to
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Table 3.4: HMR model performance when trained with different com-
binations of datasets.

Mix Datasets PA-MPJPE↓ MPJPE↓ PA-PVE↓ PVE↓
1 H36M, MI, COCO 66.14 115.19 89.04 135.68
2 H36M, MI, EFT-COCO 55.98 91.68 73.17 107.39
3 H36M, MI, EFT-COCO, MPII 56.39 94.56 74.88 111.40
4 H36M, MuCo, EFT-COCO 53.90 87.76 71.10 104.59
5 H36M, MI, COCO, LSP, LSPET, MPII 64.55 109.73 86.62 128.93
6 EFT-[COCO, MPII, LSPET], SPIN-MI, H36M 55.47 90.77 72.78 107.08
7 EFT-[COCO, MPII, LSPET], MuCo, H36M, PROX 52.96 86.00 70.34 104.49
8 EFT-[COCO, PT, LSPET], MI, H36M 55.97 91.34 73.63 107.90
9 EFT-[COCO, PT, LSPET, OCH], MI, H36M 55.59 89.91 73.20 106.17

10 PROX, MuCo, EFT-[COCO, PT, LSPET, OCH],
UP-3D, MTP, Crowdpose 57.80 96.41 75.01 113.55

11 EFT-[COCO, MPII, LSPET], MuCo, H36M 52.54 86.68 70.63 103.07

the differences observed when altering the dataset mix. Similarly, for Mix 6, our
baseline obtains 55.47 mm compared to PARE’s 52.3 mm. These results indicate that
comparisons across models trained on substantially different dataset configurations
are potentially unfair. The absence of a standardized dataset mix complicates direct
algorithm comparisons. Our benchmarks address this by providing new baselines
for several widely used configurations.

Second, adding more datasets does not necessarily yield better performance. As
shown in Table 3.4, Mix 10 underperforms compared to smaller combinations.
Excessive dataset diversity can harm accuracy, suggesting that optimal selection
matters more than quantity. In our experiments, including EFT datasets—especially
EFT-COCO—consistently boosts performance, and should be considered a strong
baseline choice (Table 3.4).

While our benchmarking relies on heuristic dataset selection, the process is guided
rather than arbitrary. Our analysis suggests that greater overlap between the
train–test distributions of key features (e.g., camera parameters, pose, shape, and
backbone features) improves performance. This insight allows for selecting the top
𝑁 datasets to cover a broad attribute space. We also find that certain properties,
such as the presence of SMPL annotations, make a dataset more effective for
training—yet such datasets remain limited. These findings provide a framework for
informed dataset selection, and automating this process will be explored in future
work.

Dataset contributions. Beyond the choice of datasets, the relative contribution
of each dataset in a mixed set also plays a critical role—yet this aspect has been
largely overlooked in prior work. Contributions can be adjusted in two main ways:
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Table 3.5: HMR model performance when trained with different contri-
bution configurations of six datasets. (Top) Direct partition. (Bottom)
Reweight samples.

Partition PA-MPJPE↓
H36M MI LSPET LSP MPII COCO
0.35 0.15 0.10 0.10 0.10 0.20 64.55
0.10 0.10 0.10 0.05 0.15 0.50 61.66
0.20 0.10 0.10 0.05 0.15 0.40 61.23
0.40 0.20 0.10 0.10 0.10 0.10 66.33
0.17 0.17 0.17 0.17 0.17 0.17 63.10

Weighting PA-MPJPE↓
H36M MI LSPET LSP MPII COCO
0.17 0.17 0.17 0.17 0.17 0.17 63.25
0.10 0.10 0.10 0.05 0.15 0.50 62.43
0.20 0.10 0.10 0.05 0.15 0.40 62.47
0.20 0.10 0.15 0.10 0.15 0.40 63.51
0.35 0.15 0.10 0.10 0.10 0.20 64.93

(1) setting dataset sampling partitions (i.e., the probability of being selected during
training) using predefined ratios [2], or (2) keeping partitions fixed while reweighting
samples from different datasets, similar to prior importance-weighting strategies
[199, 200]. Table 3.5 presents results for various contribution settings using the six
datasets from [2]. Our observations are: (1) Adjusting dataset contributions can
noticeably affect performance, and carefully increasing the weight of key datasets
(e.g., COCO in our case) can bring substantial improvements. (2) When using
identical contribution settings, directly changing the sampling partitions is generally
more effective than reweighting individual samples.

Remark #2: The selection of datasets and their relative contributions are
important factors to determine the model performance. To fairly evaluate and
compare the impact of other factors (e.g., training algorithms), it is crucial to
keep the same dataset combination configuration, which is usually ignored by
prior works. To get a good baseline model, it is suggested to adopt more critical
datasets and increase their contribution during training.

3.3.3 Annotation Quality

Many mesh recovery methods rely on pseudo-annotations during training. Here,
we examine how annotation quality influences model performance. To this end,
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we generate datasets with controlled noise to emulate different levels of corruption
observed in real scenarios, and evaluate the following aspects.

Proportion of noisy samples. We inject noise into varying proportions of samples
under two scenarios: (1) only the SMPL annotations are corrupted, simulating
cases where challenging poses are inaccurately fitted; (2) both keypoints and SMPL
annotations are corrupted, reflecting errors from keypoint estimation that propagate
to SMPL fittings [14].

Fig. 3.4a presents the performance on the 3DPW test set across different noise ratios.
In scenario (1), small amounts of noisy SMPL annotations (<50%) have minimal
effect, as the model can still learn effectively from the clean samples. However,
when noisy SMPL samples exceed clean ones, errors increase sharply. In scenario
(2), adding noisy keypoints on top of noisy SMPL causes large jumps in error,
especially beyond 50% corruption. This suggests that with noisy SMPL alone,
clean keypoints still offer useful supervision, but when both are noisy, performance
degrades severely.

Scale and location of noise. We also investigate: (1) adding Gaussian noise
of varying standard deviations to all SMPL pose parameters, following [201, 202],
producing still-realistic poses; (2) replacing a proportion of pose parameters for
specific body parts (e.g., feet or hands) with random noise, mimicking common
fitting errors.

As shown in Fig. 3.4b, increasing Gaussian noise scale slightly raises errors, but they
remain low (<70). In contrast, replacing even a fraction of body part parameters
with random noise results in large error increases. This indicates that while SMPL
annotations should be reasonably accurate, they need not be perfect. Slight and
realistic noisy samples can still be beneficial for training, but severe localized
corruption is detrimental.

Remark #3: Noisy data samples can harm the model performance, especially
when the ratio of samples is higher, or both the SMPL annotation and keypoints
are compromised. Slightly noisy SMPL still helps training.
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Table 3.6: HMR model performance with different backbone architec-
tures.

Backbone Params (M) FLOPs (G) PA-MPJPE↓ MPJPE↓ PA-PVE↓ PVE↓
ResNet-50 [71] 28.79 4.13 64.55 112.34 89.05 130.41
ResNet-101 [71] 47.78 7.83 63.36 112.67 82.65 129.71
ResNet-152 [71] 63.42 11.54 62.13 107.13 81.45 123.95
HRNet-W32 [72] 36.69 11.05 64.27 108.32 82.86 122.36

EfficientNet-B5 [203] 33.62 0.03 65.16 118.15 83.88 144.23
ResNext-101 [204] 91.39 16.45 64.95 114.43 87.26 130.28

Swin [206] 51.72 32.48 62.78 110.42 84.88 137.26
ViT [205] 91.07 11.29 62.81 111.46 84.01 127.22

Twin-SVT [207] 59.27 8.35 60.11 100.75 79.00 121.05
Twin-PCVCT [207] 47.02 6.45 59.13 103.85 80.62 123.93

3.4 Benchmarking Backbone Models

Model architecture. Following HMR [2], ResNet-50 [71] is the default backbone
in many mesh recovery works [3, 4, 7, 14]. More recently, [4] adopted HRNet-W32
[72] and attributed the performance gains to its ability to produce more robust high-
resolution representations. We further consider other architectures. Particularly,
we compare different variations of CNN-based models (ResNet-101, ResNet-152,
HRNet, EfficientNet [203], ResNext [204]), as well as the latest transformer-based
architectures (ViT [205], Swin [206], Twins (-SVT and -PCVCT) [207]).

Table 3.6 reports the performance of the HMR model trained with different backbone
architectures. First, increasing the backbone capacity allows deeper feature repre-
sentations to be learned, yielding performance gains. For instance, the PA-MPJPE
is reduced when we switch the backbone model from ResNet-50 to ResNet-152.
This is consistent with the findings in [73]. Second, transformer-based backbones
are superior to CNN-based backbones, achieving lower PA-MPJPEs and similar
FLOPs under comparable parameters (Table 3.6). They are capable of mining rich
structured patterns, which are especially essential for learning from different data
sources. This contradicts the discoveries in [73], which did not find the advantage
of vision transformers over CNN-based ones.

Weight initialization. It is common and computationally efficient to build the
HMR model based on a pre-trained backbone. Initialization of the backbone
model weights has a significant impact on the HMR model performance. PARE
[4] is the first work to use weights from a pose estimation task. It initializes the
weights of the HRNet-W32 backbone from a pose estimation model trained on
MPII. The initialized model is further finetuned on EFT-COCO for 175K steps
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Table 3.7: HMR model performance with different weight initializa-
tions.

Backbone Mixed Datasets Dataset for weight initialization

ImageNet MPII COCO
ResNet-50 HMR/SPIN 64.55 60.60 57.26

HRNet-W32 HMR/SPIN 64.27 55.93 54.47
Twin-SVT-B HMR/SPIN 60.11 56.80 52.61
HRNet-W32 PARE 54.84 51.50 49.54

before training on Mix 6. Kocabas et al. [4] noted that this strategy accelerates the
model convergence and reduces overall training time. However, this study does not
provide ablation studies to explore the effect of using pretrained weights from a
pose estimation model.

To disclose the impact of weight initialization, we systematically benchmark strate-
gies where the backbone weights are pre-trained with ImageNet, or from pose
estimation models trained over MPII or COCO. The results are reported in Table
3.7. First, we observe that transferring knowledge from a strong pose estimation
model is sufficient to achieve large improvement gains without having to fine-tune
on EFT-COCO, as done in PARE. In Table 3.7, with the HRNet-W32 backbone
and weights initialized from MPII, we can already achieve a PA-MPJPE of 51.5 𝑚𝑚,
which is very close to the error of 50.9 𝑚𝑚 reported by PARE [4]. The effectiveness
of such a pretrained backbone suggests that features learnt from pose estimation
tasks are robust and complementary for mesh recovery tasks. Second, the choice of
the pose estimation dataset for weight initialization is also vital. Regardless of the
backbone variants, pretraining the backbone with COCO gives better performance
than MPII for different training dataset mixes and backbone architectures.

Remark #4: The backbone architecture and weight initialization are vital for
the HMR performance. Optimal configurations comprise of transformer-based
backbones with weights initialized from a strong pose estimation model trained
on in-the-wild datasets.
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3.5 Benchmarking Training Strategies

3.5.1 Augmentation

Various augmentation strategies have been explored for mesh recovery. SPIN [3]
applied rotation, flipping, and color jittering. PARE [4] and BMP [39] incorporated
synthetic occlusion by compositing random nonhuman objects into the image,
while BMP [60] further made this process keypoint-aware by selectively occluding
keypoints. Georgakis et al.[55] controlled occlusion severity by varying the occluder’s
pattern (oriented bars, circles, rectangles) and size. Mehta et al. [50] introduced
inter-person occlusion within the dataset. Beyond occlusion, crop augmentation
has been used to improve reconstruction of heavily truncated people [4, 14, 75], and
augmentation has also been leveraged to help bridge the synthetic–real domain gap
[5, 76–78]. However, these prior works use different configurations and benchmarks,
making it difficult to draw general conclusions about augmentation effectiveness.

In this work, we conduct a systematic comparison of nine image-based augmentation
techniques across different training and testing setups. We re-implement augmenta-
tion methods commonly used in mesh recovery, including random occlusion (hard
erasing) [58, 208], synthetic occlusion [4], and crop augmentation [4, 14].

In addition, we incorporate augmentations popular in person re-identification and
pose estimation, such as soft erasing [209], self-mixing [209], photometric distortion
[210], and coarse/grid dropout [210]. Examples of each augmentation are shown in
Fig. 3.5.

We study the effects of data augmentation on two training datasets with distinct
characteristics: the indoor H36M set and the outdoor EFT-COCO set. HMR models
are trained on each dataset with different augmentations and evaluated on five test
sets: 3DPW, EFT-LSPET, EFT-OCHuman, EFT-COCO, and H36M. As shown in
Table 3.8, augmentation impacts the two training datasets in different ways. For
H36M, almost all augmentations lead to lower errors on outdoor test sets, with
self-mixing being the most effective. Without augmentation, the model exhibits
an increasing indoor–outdoor domain gap during training, as reflected by rising
errors on 3DPW. By contrast, adding augmentation mitigates this gap and reduces
overfitting, as evidenced by the training curves in Fig.3.6. Self-mixing is particularly
beneficial, producing camera feature distributions that closely match those predicted
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Table 3.8: HMR model performance on test sets of 3DPW [65], EFT-
LSPET [14], EFT-OCH [14] and H36M [43] and validation set of
EFT-COCO [14] when trained on H36M and EFT-COCO with differ-
ent augmentations. Blue: Augmentation improves the performance.
Red: Augmentation harms the performance. Bold: best in column.
Underline: second best in column.

Augmentation H36M-train EFT-COCO-train
3DPW↓ LSPET↓ OCH↓ COCO↓ H36M↓ 3DPW↓ LSPET↓ OCH↓ COCO↓ H36M↓

No augmentation 124.55 207.45 161.77 165.03 53.73 62.37 131.71 115.50 114.59 118.39
Hard erasing 107.03 201.16 153.87 147.00 51.70 64.77 136.90 118.93 115.61 120.78
Soft erasing 107.10 193.33 149.93 143.51 47.77 65.70 139.21 118.29 100.01 131.09
Self mixing 101.10 191.70 136.68 132.17 45.12 63.98 133.18 118.30 125.32 104.37
Photometric distortion 113.53 190.60 155.57 153.95 48.45 62.07 128.45 116.47 112.88 118.92
Random crop 110.08 205.91 150.33 147.27 52.53 71.21 148.80 124.14 104.43 100.43
Synthetic occ. 101.96 221.79 146.44 143.32 48.27 63.94 135.00 116.25 103.36 107.14
Synthetic occ. (kp) 107.68 215.34 153.90 145.70 52.26 71.35 142.93 121.34 100.90 103.79
Grid dropout 117.45 208.49 161.69 158.27 57.20 66.65 139.71 118.89 100.52 103.07
Coarse dropout 124.99 202.74 162.50 159.48 50.61 62.78 128.61 116.58 119.70 127.92

by a robust model performing well on 3DPW-test (Fig.3.7a). In contrast, applying
augmentation to EFT-COCO has little benefit and sometimes harms performance
on 3DPW, EFT-LSPET, and EFT-OCHuman, with improvements observed only on
EFT-COCO-val. This aligns with [14], which noted that EFT-COCO-train already
contains diverse samples with challenging occlusions and varied camera angles.
Consequently, additional augmentation has only a minor effect on the predicted
camera feature distribution (Fig. 3.7b) and provides limited gains on out-of-domain
benchmarks.

Remark #5: The effect of data augmentations highly depends on the char-
acteristics of the training dataset. Their benefits are more obvious when the
training sets contain less diverse and robust samples. When combining multiple
datasets during training, we can selectively apply data augmentations to different
datasets based on their characteristics.

3.5.2 Training Loss

Prior work in pose estimation often employs the MSE loss for keypoint supervision
[211, 212]. In HMR, both keypoints and SMPL parameter regression are typically
optimized using MSE. We explore an alternative formulation by replacing MSE with
L1 loss. Unlike MSE, the L1 loss measures the magnitude of errors without penalizing
their direction, making it less sensitive to outliers. Under certain assumptions, [213]
theoretically showed that L1 loss can offer robustness to noisy labels. Motivated by
this, we adopt L1 loss for both keypoint and SMPL parameter regression in HMR.
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Table 3.9: HMR model performance with and without L1 loss under
multi-dataset setting.

Mix Datasets w/oL1 w/L1
1 H36M, MI, COCO 66.14 57.01
2 H36M, MI, EFT-COCO 55.98 55.25
5 H36M, MI, COCO, LSP, LSPET, MPII 64.55 58.20
6 EFT-[COCO, MPII, LSPET], SPIN-MI, H36M 55.47 53.62
8 EFT-[COCO, PT, LSPET], MI, H36M 55.97 53.43
7 EFT-[COCO, MPII, LSPET], MuCo, H36M, PROX 53.44 52.93
11 EFT-[COCO, MPII, LSPET], MuCo, H36M 52.54 53.17

This change benefits the model in two main ways. First, it enhances robustness
to noisy annotations. Fig. 3.8 compares the performance of HMR trained with
MSE versus L1 loss under varying SMPL noise scales and different proportions of
noisy keypoints and SMPL labels. The results show that L1 loss consistently yields
greater resilience to noise.

Second, L1 loss improves performance in multi-dataset training. Table 3.9 reports
results with and without L1 loss for various dataset combinations. Notably, for
the dataset configuration used in SPIN [3], applying L1 reduces the PA-MPJPE
from 64.55 𝑚𝑚 to 58.20 𝑚𝑚. While the performance boost is most pronounced for
suboptimal dataset mixes, the gains diminish when using more optimal selections
(Mix 2, 6, 8 ).

Remark #6: Prior works adopt MSE loss for regression of keypoints and SMPL
parameters. Using L1 loss instead can not only improve the model’s robustness
against noisy samples, but also enhance the model performance, especially when
the selected datasets are not optimal.

3.6 Benchmarking Other Algorithms and Test Sets

In the previous benchmarking experiments, we used the HMR algorithm and the
3DPW test set. However, our evaluation methodology and conclusions are applicable
to other algorithms and benchmarks as well. In this section, we present additional
experiments to validate their generalization.

Other algorithms. Beyond HMR, we evaluate several widely used approaches,
including SPIN [3], GraphCMR [10], PARE [4], and Graphormer [62]. Table 3.10
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Table 3.10: Model performance (3DPW-test PA-MPJPE in 𝑚𝑚) when
trained with different recommended strategies of L1 loss, weight initial-
isation from COCO pose estimation model, and selective augmentation.

Algorithms Datasets Backbones Initialisation Normal L1 L1+COCO L1+COCO+Aug
HMR H36M, MI, COCO, MPII, LSP, LSPET ResNet-50 ImageNet 64.55 58.20 51.80 51.66
SPIN H36M, MI, COCO, MPII, LSP, LSPET ResNet-50 HMR (ImageNet) 59.00 57.08 51.54 50.69

GraphCMR COCO, H36M, MPII, LSPET, LSP, UP3D ResNet-50 ImageNet 70.51 67.20 61.74 60.26
PARE EFT-[COCO, LSPET, MPII], H36, MI HRNet-W32 ImageNet 61.99 61.13 59.98 58.32

Graphormer H36M, COCO, UP3D, MPII, MuCo HRNet-W48 ImageNet 63.18 63.47 59.66 58.82

Table 3.11: Model performance of other algorithms with optimized
configurations on the 3DPW test set. Abbreviations for the datasets -
Human3.6M [43]: H36M, MPI-INF-3DHP [44]: MI, MuCo-3DHP [50]: MuCo

Algorithm Dataset Backbone Variant PA-MPJPE↓ MPJPE↓ PA-PVE↓ PVE↓
PARE [4] EFT-[COCO, LSPET, MPII], H36M, SPIN-MI HrNet-W32 EFT-COCO 50.90 82.0 - 97.9

PARE (Ours) EFT-[COCO, LSPET, MPII], H36M, SPIN-MI HrNet-W32 - 61.99 109.82 82.33 133.86
PARE (Ours) EFT-[COCO, LSPET, MPII], H36M, SPIN-MI HrNet-W32 L1-COCO-Aug 58.32 100.35 77.22 121.97
PARE (Ours) EFT-[COCO, LSPET, MPII], H36M, SPIN-MI Twins-SVT L1-COCO-Aug 51.96 93.46 81.33 130.20
PARE (Ours) EFT-[COCO, LSPET, MPII], H36M, MuCo Twins-SVT L1-COCO-Aug 51.93 91.43 68.40 110.32

GraphCMR [10] COCO, H36M, MPII, LSPET, LSP, UP3D ResNet-50 - 70.52 116.83 87.50 133.67
GraphCMR COCO, H36M, MPII, LSPET, LSP, UP3D ResNet-50 L1-COCO-Aug 60.26 99.28 75.75 113.17
GraphCMR EFT-[COCO, LSPET, MPII], H36M, SPIN-MI ResNet-50 - 60.51 101.69 77.51 121.37
GraphCMR EFT-[COCO, LSPET, MPII], H36M, SPIN-MI Twins-SVT L1-COCO-Aug 53.29 91.07 70.52 108.14

SPIN [3] H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 - 59.2 96.9 - 135.1
SPIN (Ours) H36M, MI, COCO, LSP, LSPET, MPII ResNet-50 L1-COCO-Aug 50.54 80.49 68.29 96.67
SPIN (Ours) EFT-[COCO, LSPET, MPII], H36M, SPIN-MI ResNet-50 - 55.28 93.52 72.19 109.57
SPIN (Ours) EFT-[COCO, LSPET, MPII], H36M, SPIN-MI HRNet-W32 L1-COCO-Aug 47.59 80.77 64.22 96.22

MeshGraphormer [62] H36M, COCO-2017, UP3D, MPII, MuCo HRNet-W48 - 63.18 108.02 76.05 125.56
MeshGraphormer (Ours) H36M, COCO-2017, UP3D, MPII, MuCo HRNet-W48 L1-COCO-Aug 58.82 104.63 76.79 132.52
MeshGraphormer (Ours) H36M, COCO-2017, UP3D, MPII, MuCo Twins-SVT L1-COCO-Aug 58.13 98.03 73.32 116.95
MeshGraphormer (Ours) H36M, COCO-2017, UP3D, EFT-MPII, MuCo Twins-SVT L1-COCO-Aug 58.30 96.71 74.88 124.97

reports the performance of these algorithms under various configurations2. Table 3.11
extends this comparison to different dataset mixes and backbones. Similar to HMR,
we find that high-performing models for other algorithms are obtained when using
L1 loss, weight initialisation from COCO pose estimation model, and selective
augmentation.

Other test sets. While 3DPW is the most common evaluation benchmark, prior
work has also tested on MuPoTs-3D-test [39], AGORA-test [214], MPI-INF-3DHP-
test [58], and challenging benchmarks such as EFT-OCHuman-test and EFT-LSPET-
test [14]. For completeness, we evaluate on seven additional benchmarks: H36M,
AGORA validation, MPI-INF-3DHP test, EFT-COCO validation, MuPoTs-3D test,
EFT-OCHuman test, and EFT-LSPET test. We perform dataset benchmarking
across all selected test sets and compute the correlation between model performance

2Our baseline models for HMR, SPIN and GraphCMR can reach the reported results in the
respective works. For PARE, the original work trains the model on MPII for pose estimation
task and later on EFT-COCO for mesh recovery before training on the full set of datasets. To
keep consistent with the practice adopted throughout our work, we benchmark PARE by training
it from scratch with only ImageNet initialisation. For Graphormer, the original work evaluates
on H36M every epoch before fine-tuning the best H36M model on 3DPW-train (Protocol 1) for
5 epochs. To keep consistent with the evaluation settings throughout this work, we train each
model for 100 epochs and report the best PA-MPJPE on 3DPW-test set (Protocol 2). We provide
the training logs for all the experiments in https://github.com/smplbody/hmr-benchmarks.

https://github.com/smplbody/hmr-benchmarks
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Table 3.12: Correlation of performance on test benchmarks

EFT-COCO 3DPW AGORA EFT-OCH EFT-LSPET MI MuPots-3D H36M Average
EFT-COCO 1.000 0.860 0.891 0.910 0.820 0.643 0.595 0.387 0.729

3DPW 0.860 1.000 0.768 0.761 0.779 0.704 0.396 0.506 0.682
AGORA 0.891 0.768 1.000 0.793 0.624 0.626 0.696 0.183 0.654

EFT-OCH 0.910 0.761 0.793 1.000 0.750 0.449 0.424 0.378 0.638
EFT-LSPET 0.820 0.779 0.624 0.750 1.000 0.562 0.372 0.438 0.621

MI 0.643 0.704 0.626 0.449 0.562 1.000 0.640 0.246 0.553
MuPots-3D 0.595 0.396 0.696 0.424 0.372 0.640 1.000 0.104 0.461

H36M 0.387 0.506 0.183 0.378 0.438 0.246 0.104 1.000 0.320

on each. As shown in Table 3.12, performance on 3DPW correlates well with results
on other benchmarks, supporting its suitability as a representative evaluation set.
This contrasts with H36M, where strong results do not reliably indicate performance
on other test sets.

3.7 Lessons from Our Benchmarking

We summarise our findings and open questions raised by these findings:

Datasets.

1. The choice of datasets and their relative contributions are key determinants of
model performance. To fairly evaluate other factors (e.g., training algorithms),
the dataset combination must be kept consistent—something often overlooked
in prior works.

2. Diversity of attributes (e.g., human pose and shape, camera characteristics,
backbone features) in training datasets is critical. High diversity, which increases
the overlap with test-set distributions, generally leads to better performance.
Leveraging knowledge of train–test attribute distributions, merging datasets that
collectively span a broad range of attributes can be highly effective. This diversity
can guide future dataset creation, enhancement, and selection.

3. Adjusting dataset contributions by directly altering partitions (thus increasing
the share of valuable samples) is more effective than keeping partitions fixed
and reweighting samples. To obtain strong baselines, it is advisable to prioritize
critical datasets and increase their contributions during training. However,
current partitioning is still manual. An open question is how to automate dataset
selection and contribution adjustment; one possible direction is to treat partitions
as hyperparameters and tune them using AutoML.
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4. Adding SMPL fittings—even if slightly noisy—remains highly beneficial for
training, whereas noisy keypoints significantly harm performance. Adding pseudo-
annotations to existing outdoor 2D-keypoint datasets could be a cost-effective way
to improve them.

5. Robust test sets should: (1) contain accurate ground-truth SMPL annotations
captured via mocap or simulation. While EFT-COCO-Val appears representative,
our visualizations reveal annotation errors, highlighting the limitations of pseudo-
annotated datasets for benchmarking. Currently, 3DPW is the only large-
scale real-world dataset with reliable SMPL ground truth; and (2) exhibit
sufficient diversity to reflect real-world conditions. In contrast, H36M is not
strongly indicative of generalization, and relying on it as a primary benchmark
risks overestimating performance. These observations suggest the need for an
additional in-the-wild test set beyond 3DPW. Such a dataset should combine
reliable ground-truth annotations with complementary scene diversity (e.g., indoor
environments, occlusions, varied body shapes) and sufficient scale. Without such
a benchmark, performance on 3DPW alone may not reliably reflect generalization
in real-world settings.

Backbone and initialization

1. Fair algorithm evaluation requires proper ablations on backbones and initializa-
tion using standard baselines.

2. Optimal configurations use transformer-based backbones initialized from strong
pose estimation models trained on in-the-wild datasets. This highlights the value
of transferring knowledge from pose estimation to mesh recovery, motivating
careful consideration of dataset usage in both tasks.

Training strategies

1. The benefit of data augmentation depends heavily on the diversity of the training
dataset. Augmentation is most effective when the dataset lacks diversity or
robustness. In multi-dataset training, augmentation can be applied selectively
to datasets based on their characteristics. Augmentation can enhance indoor
datasets that, while accurate, have limited diversity.
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2. While MSE loss is commonly used for regressing keypoints and SMPL parameters,
replacing it with L1 loss improves robustness to noisy samples and can boost
performance—especially when dataset selection is suboptimal.

3.8 Conclusion

Large amounts of efforts have been devoted to the exploration of novel algorithms
for 3D human mesh recovery. However, there are also other important factors that
can affect the model performance, which are rarely investigated in a systematic way.
To the best of our knowledge, this work presents the first large-scale benchmarking
of various configurations for mesh recovery tasks. We identify the key strategies
and remarks that can significantly enhance the model performance. We believe this
benchmarking study can provide strong baselines for unbiased comparisons in mesh
recovery studies. We summarize all our findings in Section 3.7.

Future works. There are a couple of future research directions. (1) Due to the
large amount of experiments, we mainly perform the benchmarks on HMR, which
is an important milestone work with straightforward architecture. We provide some
evaluation results on a few other algorithms in Section 3.6 to show the generalization
of our major findings. In the future, we plan to extend our studies to more 3D
human pose and mesh reconstruction algorithms. (2) Currently we need to use prior
knowledge to manually select the datasets and their partitions. Future efforts could
investigate if it would be possible to automatically determine the optimal selection
of datasets and partitions. For instance, we find that dataset-level weighting is
more effective than sample-level weighting. If we consider dataset partition as a
hyperparameter to tune, we can borrow techniques from automatic hyperparameter
tuning with methods such as reinforcement learning or bayesian optimization to
automate dataset configurations. (3) In this chapter, we experimentally disclose
some inspiring conclusions about HMR training. It is worth conducting deeper
investigations to interpret and explain those findings, and obtain the optimal
strategy. This will be our future work as well.

Within the broader thesis narrative (Fig. 1.1), this chapter establishes the factors
that drive mesh recovery performance under realistic conditions, motivating the
subsequent focus on robustness in Chapter 4.
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(a) Poses. (b) Shapes.

(c) Estimated cameras. (d) Backbone features.

Figure 3.3: [
Feature distributions of pose, shape, camera, and backbone for 3DPW-test vs other
datasets]Feature distributions of (a) poses, (b) shapes, (c) estimated cameras,

and (d) backbone features between 3DPW-test (red) and the respective
datasets (blue).
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Figure 3.4: HMR model performance with different types of noisy
training data.

Figure 3.5: Visualisation of augmented samples.

Figure 3.6: Per-epoch evaluation on 3DPW (PA-MPJPE in 𝑚𝑚 when
trained on H36M under different augmentations.
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Figure 3.7: Effect of applying augmentation on the distribution of
predicted camera features for (top) H36M and (bottom) EFT-COCO.

Figure 3.8: HMR model performance with and without L1 loss under
different (a) proportions of noisy SMPL and keypoints; (b) ratios of
noisy pose parameters.
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Figure 3.9: Qualitative results on COCO and LSPET test sets. From
left to right: (a) HMR [2], (b) SPIN [3], (c) HMR+ (ResNet-50) (d)
PARE [4] (e) HMR+ (HRNet-W32) (f) HMR+ (Twins-SVT). (a)-(c)
follow [6]’s dataset mix while (d)-(f) follow [4]’s dataset mix. HMR+
adopts COCO-weight initialization, L1 loss and selective augmentation.
More examples in [181].



Chapter 4

Towards Robust and Expressive 3D

Human Pose and Shape Estimation

4.1 Introduction

Building on the findings of Chapter 3, which revealed the sensitivity of mesh recovery
performance to dataset selection, backbone choice and training strategy, this chapter
focuses on improving the robustness of whole-body pose and shape estimation under
realistic conditions. We develop a pixel-aligned whole-body SMPL-X estimator that
is resilient to imperfect crops and misalignment, providing a stronger body-level
foundation for clothed and disentangled avatar modeling in Chapter 5.

Early studies employed parametric statistical models such as SMPL [1], MANO
[41], and FLAME [40] to reconstruct different body parts separately, including the
human body [2–4, 12, 14–17], face [80, 216, 217], and hands [59, 79, 89]. More
recently, interest has shifted toward whole-body estimation [57, 85–87, 218], which
aims to jointly predict body pose, hand articulation, and facial expressions for a
complete 3D representation. Typically, these approaches first process body, hand,
and face regions using separate sub-networks to extract part-specific features. The
resulting features are then combined to regress whole-body parameters—such as
joint rotations, shape coefficients, and expression codes—which are subsequently
fused to generate a unified whole-body mesh. This development is a key step toward
efficient and practical modeling of human behavior.

The work in this chapter has been published in [215].

45
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Achieving robust and accurate whole-body reconstruction is challenging because
it requires precise estimation for each part while maintaining correct connectivity
between them. Hands and faces, due to their smaller image sizes, are often local-
ized, cropped, and upsampled before being passed to dedicated sub-networks. In
real-world scenarios, where ground-truth bounding boxes are unavailable, current
methods rely on detection algorithms to produce these crops. The performance of
the entire pipeline is therefore highly dependent on the accuracy of the detected
crops. As shown in our experiments in Section 4.2, even small variations in crop
scale or alignment can noticeably degrade performance, suggesting a limited capacity
of existing models to robustly localize and extract discriminative features from the
subject.

Our analysis identifies three critical limitations in current whole-body pose and
shape estimation systems: (1) insufficient accuracy in localizing the subject and
its individual parts, (2) suboptimal extraction of useful features, and (3) imprecise
pixel-level alignment between predicted meshes and input images. To address these,
we introduce three dedicated components, each targeting one of these issues:

• Localization Module. This module employs both sparse and dense prediction
branches to enhance the network’s awareness of the spatial position and semantics
of each body part in the image. The learned location of the joint positions are
helpful in recovering the relative rotations.

• Contrastive Feature Extraction Module. This module incorporates a pose-
and shape-aware contrastive loss, along with positive samples, to promote better
feature extraction under robust augmentations. By minimizing the contrastive
loss, the model can produce consistent representations for the same subject,
even when presented with different augmentations, making it robust to various
transformations and capable of extracting meaningful invariant features.

• Pixel Alignment Module. This module utilizes differentiable rendering to
enforce precise pixel alignment of the projected mesh and input image, enabling
the learning of more accurate pose, shape and camera parameters.

By integrating these modules, our framework, RoboSMPLX, delivers improved robust-
ness and accuracy for whole-body 3D mesh recovery across body, face, hand, and
combined benchmarks.
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Figure 4.1: Wholebody PA-PVE errors under different augmentations
(sorted in descending order). The dashed line indicates baseline performance
without augmentation.

Figure 4.2: Crops from (a) ExPose [85] (b) PIXIE [87], (c) Hand4Whole
[13] (d) RoboSMPLX.

4.2 Motivation

As discussed in Section 4.1, current whole-body pose and shape estimation ap-
proaches are prone to robustness issues, largely due to their sensitivity to the
quality of input crops. To better understand the underlying causes, we perform a
systematic evaluation of four state-of-the-art approaches: ExPose [85], PIXIE [87],
Hand4Whole [13] and OS-X [84]. We design ten realistic augmentations (details
in Appendix of [215]) and vary their intensities within plausible ranges. These
augmentations fall into three categories: (1) image-variant — modify image ap-
pearance without altering the subject’s 3D pose or position (e.g., color jittering);
(2) location-variant — change the subject’s location in the frame without altering
its pose (e.g., translation, scaling); (3) pose-variant — simultaneously modify both
the pose and location (e.g., rotation).

Impact of subject localization. We first reveal that existing models demonstrate
high sensitivity to the subject’s position, indicating potential difficulties in subject
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Figure 4.3: Sensitivity of existing body and hand models to different
alignments (left) and scales (right).

localization. Figure 4.1 reports the PA-PVE errors of the whole body under
different augmentations. We observe that image-variant augmentations (contrast,
sharpness, brightness, hue and grayscale) lead to an acceptable range of error
rates (approximately in the 50s) and minimal fluctuation (around ±2). In contrast,
location-variant augmentations altering the subject’s position within the frame,
such as rotation, scaling, and horizontal or vertical translation, cause significantly
larger errors, revealing a strong sensitivity to positional changes.

Such transformations are common in real-world settings, where crops are obtained
from external detectors and precise control is difficult. To ensure visibility, crops are
often expanded; however, smaller scale factors (<1.0) notably degrade performance
(Figure 4.1). Horizontal or vertical offsets, corresponding to imperfect centering
or partial visibility, also harm accuracy. This effect is not limited to whole-body
meshes: the scale and alignment of crops similarly affect body-, face-, and hand-
specific estimators (Figures 4.3 and 4.8). For whole-body systems, inaccurate part
crops (Figure 4.2) degrade the relevant sub-network outputs, propagating errors to
the final prediction.

Impact of feature extraction. Performance drops under translation or scale
changes, even when the subject remains visible, indicate that current models struggle
to extract relevant features related to the subject of interest and effectively disregard
irrelevant background elements. This suggests a lack of invariance in the learned
features. To enhance the model’s robustness, it is critical to produce consistent
features irrespective of various augmentations applied to the image.

Impact of output pixel alignment. Pixel alignment is a critical aspect of high
model performance. In certain instances, even with accurate subject localization, the
model fails to produce properly aligned results (Figure 4.10). This is commonly due
to suboptimal camera parameter estimation. High-quality mesh recovery therefore
depends on reliably estimating camera parameters so that the projected mesh aligns
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precisely with the image. Such alignment directly benefits the accuracy of pose,
shape, and camera parameter predictions, and thus the reliability of the entire
estimation process.

4.3 RoboSMPLX Framework

We design RoboSMPLX to strengthen the robustness of whole-body pose and shape
estimation. It integrates three targeted modules, each designed to address the
challenges outlined in Section 4.2: 1) Localization Module (Section 4.3.2):
explicitly learns the subject’s spatial location and embeds this information into
the estimation of pose, shape, and camera parameters ; 2) Contrastive Feature

Extraction Module (Section 4.3.3): facilitates the extraction of stable and relevant
features under diverse augmentations, enhancing generalization and robustness to
real-world scenarios; 3) Pixel Alignment Module (Section 4.3.4): enforces pixel-
level alignment of predictions and image.

We first describe the overall RoboSMPLX architecture, which comprises separate
Body, Hand, and Face subnetworks (Section 4.3.1). Each subnetwork incorporates
the Localization Module and Pixel Alignment Module, and employs the Con-

trastive Feature Extraction Module to learn more robust features. Figure 4.6
illustrates the Hand subnetwork architecture; the Body and Face subnetworks follow
the same design.

4.3.1 Architecture and Training Details

Figure 4.4 shows the overall pipeline of RoboSMPLX for whole-body 3D human pose
and mesh estimation. The Body subnetwork outputs 3D body joint rotations 𝜃𝑏
∈ R21×3, global orientation 𝜃𝑏𝑔 ∈ R3, shape parameters 𝛽𝑏 ∈ R10, camera parameters
𝜋𝑏 ∈ R3, and whole-body joints 𝐾 ∈ R137×3. Joints corresponding to the hand and
face are used to derive bounding boxes. Subsequently, hand and face images are
cropped from a high-resolution image to preserve details. The Hand subnetwork
predicts left and right hand 3D finger rotations 𝜃ℎ ∈ R15×3. Simultaneously, the
Face subnetwork generates 3D jaw rotation 𝜃 𝑓 ∈ R3 and expression 𝜓 𝑓 ∈ R10.
When training Hand and Face subnetworks with part-specific datasets, additional
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parameters such as global orientation 𝜃 𝑓 𝑔 ∈ R3, shape 𝛽 𝑓 ∈ R50, and camera 𝜋 𝑓 ∈ R3

are estimated. These branches are discarded during whole-body estimation and
training.

Body subnetwork. The body image is downsampled from the original image to
reduce the computational cost, resulting in 𝐼𝑏 ∈ 𝑅3×256×256. The Body subnetwork
outputs 3D body joint rotations 𝜃𝑏 ∈ 𝑅21×3, global orientation 𝜃𝑏𝑔 ∈ 𝑅3, shape
parameters 𝛽𝑏 ∈ 𝑅10, camera parameters 𝜋𝑏 ∈ 𝑅3, and whole-body joints 𝐾 ∈ 𝑅137×3.
Hand and face bounding boxes are then derived from the face and hand keypoints.
Width and height are determined from the x-y range of the keypoints, and the
center is the aggregated mean of the keypoints. High resolution crops are used for
hand and face inputs following ExPose and PIXIE. In line with ExPose [85] and
PIXIE [87], hand and face input images are obtained from high resolution crops to
utilize the information available from the original image instead of the downsampled
image.

Hand subnetwork. After obtaining the cropped hand images 𝐼ℎ ∈ 𝑅3×256×256, the
left hand images are flipped to match the orientation of the right hands before being
input to the Hand subnetwork. After predicting the 3D finger rotations 𝜃ℎ ∈ 𝑅15×3,
the outputs of the flipped left hands are reverted to their original orientation.
The 3D finger rotations of the left and right hands are denoted as 𝜃𝑟ℎ and 𝜃𝑙ℎ

respectively. When training the full version on hand datasets, we also output the
global orientation 𝜃ℎ𝑔 ∈ 𝑅3, shape 𝛽ℎ ∈ 𝑅10 and camera 𝜋ℎ ∈ 𝑅3. However, these
branches are discarded during whole-body estimation and training.

Face subnetwork. This subnetwork generates the 3D jaw rotation 𝜃 𝑓 ∈ 𝑅3 and
expression 𝜓 𝑓 ∈ 𝑅10 from the cropped face image 𝐼 𝑓 ∈ 𝑅3×256×256. When training
the full version on face datasets, additional outputs include the global orientation
𝜃 𝑓 𝑔 ∈ 𝑅3, shape 𝛽 𝑓 ∈ 𝑅50, expression 𝜓 𝑓 ∈ 𝑅50 and camera 𝜋 𝑓 ∈ 𝑅3. These branches
are also discarded during whole-body estimation and training.

Implementation details. We implement our framework with PyTorch [219] and
Pytorch3D [220]. For model initialization, we pre-train the ResNet backbone on
the MSCOCO 2D whole-body human pose dataset. During training, we use the
Adam optimizer with a mini-batch size of 32 and apply data augmentations, e.g.,
scaling, rotation, random horizontal flip, and color jittering. The initial learning
rate is set to 10e−4, decayed by a factor of 10 at the later epoch. We use the SMPL,
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Figure 4.4: Pipeline of our RoboSMPLX framework consisting of Body,
Hand and Face subnetworks.

MANO, FLAME and SMPL-X body models for the training of body, hand, face
and wholebody respectively. Further details will be provided in our code.

Subnetworks are trained separately, then integrated in a multi-stage manner. Initial
whole-body training runs for 20 epochs. The hand and face modules are substituted
with the trained Hand and Face subnetworks, followed by 20 epochs of fine-tuning
to better unify the knowledge from the Hand and Face subnetworks into the whole-
body understanding. Each subnetwork is trained by minimizing the following loss
function L:

𝐿 = 𝜆3𝐷𝐿3𝐷 + 𝜆2𝐷𝐿2𝐷 + 𝜆𝐵𝑀𝐿𝐵𝑀 + 𝜆𝑝𝑟𝑜 𝑗𝐿𝑝𝑟𝑜 𝑗 + 𝜆𝑠𝑒𝑔𝑚𝐿𝑠𝑒𝑔𝑚 + 𝜆𝑐𝑜𝑛𝐿𝑐𝑜𝑛 (4.1)

Here 𝐿𝐵𝑀 is the L1 distance between the predicted and ground-truth body model
parameters. 𝐿3𝐷 denotes the L1 distance between 3D keypoints and joints regressed
from the body model. 𝐿2𝐷 signifies the L1 distance of the ground-truth 2D keypoints
to predicted and projected 2D joints. The latter are obtained by projecting the
regressed 3D coordinates from the 3D mesh to the image space using the perspective
projection [2]. The part segmentation loss 𝐿𝑠𝑒𝑔𝑚 is the cross-entropy loss between
𝑃ℎ,𝑤 after softmax and 𝑃ℎ,𝑤 averaged over H×W elements, following [4]. 𝐿𝑝𝑟𝑜 𝑗

refers to the projected segmentation loss, which is the sigmoid loss between the
projected mesh and the ground-truth segmentation map. 𝐿𝑐𝑜𝑛 is the contrastive
loss described in Section 4.3.3. For wholebody training, 𝐿𝑏𝑜𝑥 is added to measure
the L1 distance between the predicted and actual center and scale of the hands’
and face’s boxes.
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Figure 4.5: Examples of keypoint and part segmentation supervision
for Body, Hand and Face subnetworks.

Figure 4.6: Subnetwork Architecture with three modules. We use the
Hand subnetwork as an example. 𝑧 represents normalized 𝐽3𝐷 while 𝑝 corresponds
to the ground-truth of 𝑧. Green and red dashed lines refers to contrastive loss for
positive and negative samples respectively.

4.3.2 Localization Module

This module targets subject localization by learning explicit sparse and dense
predictions of the subject within the image. Figure 4.5 shows an example of the
supervision used for each subnetwork. Unlike prior approaches that regress pose
rotations directly from backbone features, this module injects explicit awareness of
the subject’s location and semantics into the prediction of pose, shape, and camera
parameters. In doing so, it reduces sensitivity to positional variations caused by
small shifts in crop scale or bounding-box alignment.

As shown in Figure 4.6, given an image, a convolutional backbone is utilized
to extract its feature map F ∈ R512×32×32. Following Hand4Whole [13], a 1×1
convolutional layer is then used to predict 3D feature maps LF ∈ R32𝐽×32×32 from
F, where J represents the number of predicted joints with a feature map depth of
32. LF contains valuable information about the mesh’s position in the image and
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Figure 4.7: Augmentations for the Body subnetwork. Black, blue and red
labels represent image-variant, location-variant and pose-variant augmentations,
respectively.

semantics of various parts. It is concatenated with the backbone feature map F to
predict pose 𝜃 ∈ R𝑃, shape 𝛽 ∈ R10 and camera translation 𝜋 ∈ R3, where 𝑃 is the
number of body parts. Meanwhile, LF is also used to obtain extra information with
two branches: (1) 3D joint coordinates K ∈ R𝐽×3 are obtained from LF using the
soft-argmax operation [221] in a differentiable manner. (2) 2D part segmentation
maps S ∈ R𝑃+1×64×64 are extracted from LF with several convolution layers, which
model P part segmentation and 1 background mask. Here, 64 represents the height
and width of the feature volume, and each pixel (ℎ, 𝑤) stores the likelihood of
belonging to a body part P.

Learning part segmentation maps and 3D joint coordinates offers complementary
benefits. The 3D joint coordinates provide depth cues that can help establish the
relative ordering of parts in the segmentation maps, while joints often lie along
the boundaries between segments, naturally acting as markers to separate adjacent
parts. In our design, the Body subnetwork uses 24 parts P and 137 joints J ; the
Hand subnetwork handles 16 parts P and 21 joints J ; and the Face subnetwork
covers 15 parts P and 73 joints J.

4.3.3 Contrastive Feature Extraction Module

This module integrates a pose- and shape-aware contrastive loss together with the
use of positive sample pairs. By minimizing this objective, the network learns
to generate stable and consistent representations for the same individual under
different augmentations, thus enabling more reliable feature extraction and improved
robustness in varied conditions.

Conventional contrastive learning methods based on SSL (e.g., SimCLR) face
challenges in unifying similar pose embeddings and distancing dissimilar ones in
human pose and shape estimation tasks. Without labels for guidance, images
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with similar poses could be misidentified as negative samples and contrasted away,
complicating the self-organization of the embeddings in pose space. Figures 4.11
show their ineffectiveness for the 3D human pose and shape task [90] by visualizing
the retrieved samples from the embeddings. The supervised contrastive learning
approach by Khosla et al. [91], though effective for image classification, might
not extend well to human pose and shape estimation, which is a high-dimensional
regression problem and poses exist in a continuous space rather than well-defined
classes.

Our module addresses these challenges with two main contributions. First, we
evaluate three pose representations 𝒛 and their respective distance measures: (1) a
concatenated vector of global orientation and rotational pose; (2) global orientation
and rotational pose treated as separate components; and (3) 3D root-aligned joints,
regressed from the body model and derived from both pose and shape parameters.
For (1) and (2), we explore both 6D vector and rotation matrix representations. For
(3), we compare L1, Smooth L1, and Mean Squared Error (MSE) distance functions
(Table 4.10).

Second, we experiment with ten augmentation types, organized into three categories
(Figure 4.7): (1) image-variant augmentations, such as color jitter, blur, occlu-
sion, and background replacement; (2) location-variant augmentations, including
translation and scaling; and (3) pose-variant augmentations, such as rotation and
horizontal flipping. Our ablations (Table 4.11) show that augmentations altering
global orientation degrade performance, so we exclude them when forming posi-
tive pairs. Instead, positives are generated by applying a random combination of
location-variant and image-variant transformations.

Formally, given a batch of 𝑁 samples, we generate another 𝑁 images by applying
augmentation to each sample. For an anchor 𝑖 and its positive 𝑗 , 𝑖 is contrasted
with 2𝑁 − 1 examples (1 positive and 2𝑁 − 2 negatives). The loss is defined as:

L𝑐𝑜𝑛 =

𝑁∑︁
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(4.2)

where 𝒛𝑖, 𝒛 𝑗 and 𝒛𝑘 denote the predicted pose representations, and 𝒑𝑖, 𝒑 𝑗 and 𝒑𝑘

denote the ground-truth pose representations for the anchor, positive and negative
samples in the batch. The objective of this loss function is to minimize the distance
between the positive pairs and maximize the distance between the negative pairs, in
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alignment with the pose similarity. Note that unlike traditional approaches where
the distance is the same for all negative samples, the pairwise distance d( 𝒑𝑖, 𝒑𝑘 )
varies depending on the pose similarity.

4.3.4 Pixel Alignment Module

This module leverages differentiable rendering to achieve precise pixel-level alignment
between the predicted mesh and the ground-truth segmentation. The alignment is
enforced via a projected mask loss, which encourages the network to predict pose,
shape, and camera parameters with high accuracy. This, in turn, enhances the
fidelity and reliability of the overall estimation process.

4.4 Experiments

Datasets. For whole-body training, we use Human3.6M (H36M) [43], COCO-
WholeBody [191] (extended from MSCOCO [45]), and MPII [48], with 3D pseudo-
ground truth generated via NeuralAnnot [222]. Hand-specific training employs
FreiHAND [223], InterHand [224], and COCO-WholeBody Hands [191]. For face-
specific training, we adopt FFHQ [225], BUPT [226], and AffectNet [227]. Eval-
uation datasets are selected per task: 3DPW [65] for 3D body, FreiHAND [223]
for 3D hand, and Stirling [87] for 3D face. For 3D whole-body evaluation, we use
EHF [5] and AGORA [70]. Qualitative results are also presented on the MSCOCO
validation set.

Metrics. We evaluate 3D joint accuracy using Mean Per Joint Position Error
(MPJPE) and 3D mesh accuracy using Mean Per Vertex Position Error (MPVPE).
Both are computed as the average Euclidean distance (in mm) between predicted
and ground-truth joints or vertices after aligning the root joint translation. The
pelvis is used as the root for whole-body and body, the wrists for hands, and the neck
for face. Procrustes-aligned variants (PA-MPJPE and PA-MPVPE) additionally
normalize for rotation and scale. For hand evaluation, we report the mean error
across left and right hands.
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Table 4.1: ]

Evaluation of the Hand subnetwork on

FreiHAND.

Method PA-PVE ↓ PA-MPJPE ↓ F-Scores ↑

* Hand-only
FreiHAND [223] 10.7 - 0.529/0.935
Pose2Mesh [12] 7.8 7.7 0.674/0.969
I2L-MeshNet [56] 7.6 7.4 0.681/0.973
METRO (HR64) [59] 6.7 6.8 0.717/0.981

* Whole-body
ExPose [85] 11.8 12.2 0.484/0.918
Zhou et al. [218] - 15.7 -/-
FrankMocap [86] 11.6 9.2 0.553/0.951
PIXIE [87] 12.1 12 0.468/0.919
Hand4Whole † [13] 7.7 7.7 0.664/0.971
HMR [2] 8.6 8.9 0.605/0.963
PyMAF [57] 8.1 8.4 0.638/0.969
PyMAF † [57] 7.5 7.7 0.671/0.974
RoboSMPLX 7.3 7.5 0.683/0.976
RoboSMPLX † 7.1 7.4 0.688/0.978
RoboSMPLX (HR64) 6.7 6.9 0.715/0.981

Table 4.2: Evaluation of the Body subnetwork on 3DPW.

Method PA-MPJPE ↓ MPJPE ↓ PVE ↓

HMR (Res50) [2] 76.7 130 -
GraphCMR (Res50) [15] 70.2 - -
SPIN (Res50) [3] 59.2 96.9 116.4
HMR-EFT (Res50) [14] 54.3 - -
ROMP (Res50) 53.5 89.3 105.6
PARE (Res50) [4] 52.3 82.9 99.7
PARE (HR32) [4] 50.9 82 97.9
PyMAF (Res50)[57] 49.0 79.7 94.4
PyMAF (HR48) [57] 47.1 78.0 91.3
Baseline (Res50) 52.4 85.2 103.6
RoboSMPLX (Res50) 49.8 80.8 96.7
Baseline (HR48) 50.3 84.5 101.5
RoboSMPLX (HR48) 48.5 80.1 95.2

4.4.1 Benchmarking Results

We show qualitative comparisons of RoboSMPLX’s Hand (Figure 4.8(a)), Face (Figure
4.8(b)) and Body (Figure 4.8(c)) subnetwork to existing models under different
positional augmentations.

In general, RoboSMPLX s’ subnetworks demonstrate better pixel alignment and are
less sensitive to changes in scale and alignment.
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(a) Hand subnetwork on FreiHAND test set. Comparison
of ExPose [85], Hand4Whole [13], and RoboSMPLX under various
augmentations.

(b) Face subnetwork on AffectNet val set. Comparison of
ExPose [85] and RoboSMPLX under various augmentations.

(c) Body subnetwork on COCO validation set. Comparison
of HMR [2], SPIN [3], PARE [4], and RoboSMPLX under various
augmentations.

Figure 4.8: Qualitative comparison of hand, face, and body subnetworks
of RoboSMPLX under various augmentations on respective datasets.
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Table 4.3: Evaluation (Face subnetwork).

Method LQ Mean(mm) ↓ HQ Mean(mm) ↓
ExPose [85] 2.27 2.42
ExPose † 2.46 2.38
RoboSMPLX 2.12 2.08
RoboSMPLX † 2.12 2.10

Table 4.4: PA-PVE/PVE errors of the Hand subnetwork under different
positional augmentations.

Normal Transx +0.2x Transx -0.2x Transy +0.2y Transy -0.2y Scale 1.3x Scale 0.7x

Hand4Whole [13] 7.47/ 15.70 8.51/ 21.58 8.38/ 20.36 8.74/ 22.51 8.48/ 19.85 7.73/ 16.44 7.78/ 17.00
RoboSMPLX 7.24/ 15.23 7.27/ 15.62 7.36/ 15.59 7.28/ 15.50 7.34/ 15.50 7.49/ 15.90 7.45/ 16.51

Table 4.5: Ablation of different modules on Body subnetwork. Results
are trained on EFT-COCO and tested on 3DPW test set.

loss representation PA- MPJPE

Baseline (HMR) - - 60.8 96.2
LF (all) - - 56.7 105.7
LF (all), 𝐿𝑐𝑜𝑛 L1 pose 55.9 90.9
LF (all), 𝐿𝑐𝑜𝑛 MSE pose 58.5 93.9
LF (all), 𝐿𝑐𝑜𝑛 SmoothL1 pose 56.6 92.5
LF (all), 𝐿𝑐𝑜𝑛 L1 pose(rot6d) 58.9 95.0
LF (all), 𝐿𝑐𝑜𝑛 L1 pose + go 76.8 118.9
LF (all), 𝐿𝑐𝑜𝑛, +ve L1 keypoints 55.4 90.56

Hand Subnetwork. Table 4.1 reports the performance of the Hand subnetwork
against both hand-only and whole-body baselines. When trained solely on Frei-
HAND (e.g., PIXIE, Hand4Whole, PyMAF) or with mixed datasets (Hand4Whole †,
PyMAF †)0 using the same backbone, RoboSMPLX consistently surpasses its whole-
body counterparts. Previous studies [42, 56] have shown that whole-body approaches
often rely on parametric hand mesh models, which tend to underperform compared
to the non-parametric mesh outputs in recent hand-only methods [56, 59]. Despite
this well-documented gap, RoboSMPLX not only narrows but exceeds it, outperform-
ing mesh-based methods and achieving results on par with the state-of-the-art
METRO, when matched for backbone capacity (HRNet-64). Robustness under
positional perturbations is assessed in Table 4.4, where RoboSMPLX demonstrates
substantially lower errors than Hand4Whole under translation and scaling variations.
Additional qualitative examples are provided in [215].

0† indicates training with additional datasets in the subsequent evaluations and tables.
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Table 4.6: 3DRMSE errors of the Face subnetwork under different
positional augmentations.

Normal Transx +0.2x Transx -0.2x Transy +0.2y Transy -0.2y Scale 1.3x Scale 0.7x

ExPose [85] 2.27 2.38 2.29 2.46 2.30 2.46 2.27
RoboSMPLX 2.12 2.20 2.17 2.13 2.18 2.24 2.10

Body Subnetwork. Table 4.2 compares Body subnetwork results on the 3DPW
test set. RoboSMPLX achieves competitive performance relative to other SMPL-based
methods, though it is not the top-performing approach. It is important to note that
reported results in the literature are often obtained under differing training settings,
including variations in backbone initialization, training datasets, and optimization
strategies [181], which can significantly affect performance. In contrast, our method
is trained under a controlled and consistent setup to enable fair ablation analysis.

The ablation results in Table 4.5 show that each proposed module contributes mean-
ingful improvements over this baseline. Furthermore, RoboSMPL-X is primarily
designed to improve robustness in whole-body estimation, particularly for hands and
face under challenging conditions, rather than optimizing body-only benchmarks.
This design trade-off explains why the body subnetwork does not always achieve
the highest performance, while still leading to improved overall whole-body results.

Face Subnetwork. Table 4.3 evaluates the Face subnetwork on the Stirling3D
test set. With identical training data, RoboSMPLX outperforms ExPose. Notably,
ExPose experiences degraded accuracy when trained on multiple datasets, whereas
RoboSMPLX maintains consistently low errors. Qualitative examples in Fig. 4.8(b)
illustrate strong generalization to in-the-wild conditions. Robustness tests in Ta-
ble 4.6 confirm that RoboSMPLX is less sensitive to translation and scale perturbations.
Additional visualizations are available in [215].

Whole-body Network.

We further assess the whole-body network on two benchmarks: the EHF validation
set and the AGORA test set (Table 4.7). On EHF, RoboSMPLX outperforms existing
full-body methods, with notable gains in hand and face estimation, and demonstrates
robustness under positional perturbations (Table 4.8).

On AGORA, performance is comparatively lower. This can be attributed to
two factors. First, AGORA contains more severe multi-person interactions and
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Table 4.7: Evaluation of wholebody network on EHF and AGORA test
set.

Method
EHF AGORA

PVE ↓ PA-PVE ↓ PVE ↓ N-PVE ↓

WB H F WB H F WB B F LH/RH WB B

ExPose [85] 77.1 51.6 35 54.5 12.8 5.8 217.3 151.5 51.1 74.9/71.3 265 184.8
PIXIE [87] 89.2 42.8 32.7 55 11.1 4.6 191.8 142.2 50.2 49.5/49.0 233.9 173.4
Hand4Whole [13] 76.8 39.8 26.1 50.3 10.8 5.8 135.5 90.2 41.6 46.3/48.1 144.1 96.0
OSX (ViT-L) [84] 70.8 53.7 26.4 48.7 15.9 6 122.8 80.2 36.2 45.4/46.1 130.6 85.3
Ours 73.7 34.9 17.8 49.7 10.0 4.6 132.3 85.0 39.4 45.3/46.1 138.2 91.5

occlusions, which increase the likelihood of incorrect subject association during
inference (Fig. 4.9). Second, reported results across methods are not always directly
comparable, as they may differ in training data composition, pretraining strategies,
and detection pipelines. In our case, RoboSMPLX is trained under a unified and
controlled setup without dataset-specific tuning, prioritizing robustness across
conditions rather than optimizing for a single benchmark.

Qualitative comparisons (Fig. 4.10) show that once the target subject is correctly
localized, RoboSMPLX achieves superior pixel-level alignment and more precise hand
and face reconstructions, indicating that its whole-body accuracy remains competi-
tive in challenging scenarios once the detection bottleneck is removed.

Figure 4.9: Visualisation of samples with high errors at train time. Red
and green vertices indicate the target person model’s predictions respectively.

4.4.2 Ablation Studies

Location features. Table 4.12 presents the ablation of modules for the Hand
subnetwork (the Body subnetwork ablation is in Table 4.5). The baseline is trained
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(a) AGORA dataset

(b) COCO validation set

(c) EHF set

Figure 4.10: Visualization of Expose [85], PIXIE [87], Hand4Whole
[13], OS-X [84], and RoboSMPLX under different scales and alignments on
(a) AGORA, (b) COCO, and (c) EHF datasets. Each row corresponds
to one dataset.

with random scale factor 0.2 and bounding-box jitter 0.2; applying stronger aug-
mentations (strongaug) reduces accuracy, likely due to domain shift. Hand4Whole
[13] extracts joint features via positional pose-guided pooling (PPP) for pose esti-
mation, while relying only on backbone features for shape and camera prediction.
Our approach explicitly learns both sparse and dense location cues, including part
silhouettes, and uses these location features (“LF”) for pose, shape, and camera
estimation. Incorporating LF for all three predictions (“LF (all)”) yields further
performance gains, lowering both joint and vertex errors of the regressed mesh.
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Table 4.8: Wholebody, Hand and Face PA-PVE errors under different
positional augmentations.

Method Normal Transx +0.2x Transx -0.2x Transy +0.2y Transy -0.2y Scale 1.3x Scale 0.7x

Hands

ExPose [85] 14.39 17.36 17.86 14.93 17.21 14.15 14.56
PIXIE [87] 14.68 15.05 16.11 15.32 15.85 14.52 14.79
Hand4Whole [13] 10.83 11.15 11.34 10.50 13.70 10.77 11.25
OSX [84] 15.97 16.42 16.55 16.94 17.86 15.91 17.24
RoboSMPLX 10.00 10.37 10.21 10.16 12.49 9.98 10.19

Face

ExPose [85] 6.34 10.28 6.71 8.17 6.43 6.24 6.24
PIXIE [87] 5.63 6.67 6.94 6.53 6.94 5.84 5.84
Hand4Whole [13] 5.81 5.88 5.91 5.74 5.93 5.76 5.76
OSX [84] 6.09 6.03 6.09 5.83 5.96 5.92 5.92
RoboSMPLX 4.65 5.10 5.38 4.75 5.30 4.77 5.22

Wholebody

ExPose [85] 54.82 61.64 65.98 65.03 65.98 54.03 59.23
PIXIE [87] 54.85 66.16 69.26 64.83 69.26 56.28 60.31
Hand4Whole [13] 50.37 59.10 67.85 64.64 67.85 48.10 55.28
OSX [84] 48.79 51.09 55.96 95.97 55.96 47.35 50.89
RoboSMPLX 49.79 52.46 53.62 61.65 63.99 47.90 51.39

Table 4.9: Ablation of contrastive learning methods and loss.

Scale factor Mean ↓ Std ↓

SimCLR 0.227 0.0915
SimCLR (+ pose-variant aug.) 0.230 0.0911
SimCLR (+ background aug.) 0.222 0.0959
SimCLR (+ 𝐿𝑐𝑜𝑛) 0.164 0.0772
HMR 0.140 0.0823
HMR (+ 𝐿𝑐𝑜𝑛) 0.124 0.0624
HMR (+ 𝐿𝑐𝑜𝑛, +ve samples) 0.119 0.0679

Table 4.10: Ablation of different representation for contrastive loss.

Representation PA-↓ MPJPE↓ PA ↓ PVE↓

baseline 7.49 15.51 7.46 15.59
pose 8.11 15.81 7.67 16.08
go + pose 7.71 14.98 7.54 14.91
keypoint 7.48 15.01 7.32 15.29
pose, +ve 7.45 14.94 7.20 14.77
keypoint, +ve 7.31 14.62 7.18 15.01

Takeaway. Explicitly learning both sparse and dense location cues, and reusing
them as features for pose, shape, and camera prediction, is more effective
than sampling features at predicted joint coordinates. Location-aware features
propagate consistently along the kinematic chain and reduce both joint and
vertex errors.

Contrastive loss. We first validate that prior contrastive SSL methods [88–90]
are suboptimal for learning pose- and shape-aware embeddings. As illustrated in
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Table 4.11: Ablation of augmentation +ve samples, using pose rotation
as representation.

Augmentation PA-↓ MPJPE↓ PA- ↓ PVE↓

baseline (no +ve) 8.11 15.81 7.67 16.08
color 7.42 15.01 7.18 14.94
pose 8.59 16.96 8.15 17.21
location 7.80 15.98 7.46 15.56
color + location 7.45 14.94 7.20 14.77

Table 4.12: Ablation of different modules on Hand subnetwork. Results
are trained and evaluated on FreiHAND.

Supervision PA-↓ MPJPE↓ PA-↓ PVE↓

Base (R50) 8.06 16.78 7.85 16.71
Base (R50) + Strongaug 8.47 17.01 8.11 16.17
Base (DR54) 7.8 15.57 7.67 15.72
Base (DR54) 𝐿𝐾𝑆 7.68 15.8 7.62 16.29
PPP [13] 𝐿𝐾𝑆 7.65 15.93 7.56 16.37
LF 𝐿𝐾𝑆 7.52 15.84 7.56 16.15
joints 𝐿𝐾𝑆 7.86 15.92 7.75 16.24

LF (all) 𝐿𝐾𝑆 7.49 15.51 7.46 15.59

LF (all) + 𝐿𝑐𝑜𝑛 𝐿𝐾𝑆 7.48 15.01 7.32 15.29
LF (all) + 𝐿𝑐𝑜𝑛, +ve 𝐿𝐾𝑆 7.42 14.88 7.16 14.57

LF (all) 𝐿𝐾𝑆, 𝐿𝑠𝑒𝑔𝑚 7.44 14.92 7.58 15.30
LF (all) 𝐿𝐾𝑆, 𝐿𝑠𝑒𝑔𝑚, 𝐿𝑝𝑟𝑜 𝑗 7.36 14.38 7.53 15.05
LF (all)+ 𝐿𝑐𝑜𝑛, +ve 𝐿𝐾𝑆, 𝐿𝑠𝑒𝑔𝑚, 𝐿𝑝𝑟𝑜 𝑗 7.33 14.59 7.02 14.11

Fig.4.11, retrieval based on SSL-learned embeddings (top-5 matches) tends to em-
phasize background similarity rather than pose similarity. Quantitatively, Table4.9
reports the estimation errors of the top-1 retrieved pose (COCO-train) relative to
the query pose (COCO-test). SimCLR yields higher mean errors than supervised
HMR, consistent with the findings of [90] that SSL representations transfer poorly to
pose and shape estimation. In contrast, RoboSMPLX ’s incorporation of a contrastive
loss with positive samples (“HMR + 𝐿𝑐𝑜𝑛, +ve”) encourages embeddings of the same
subject under varied augmentations to converge, improving robustness.

Table 4.10 evaluates three pose representations (Sec. 4.3.3): (1) pose – concatenated
global orientation and rotational pose; (2) go+pose – orientation and pose as separate
entities; (3) keypoint – root-aligned 3D joints regressed from the body model. The
joint-based representation consistently outperforms pose-based ones, as it encodes
both shape and pose in a normalized space. Representations using relative rotations
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Figure 4.11: Left: Query image from the EFT-COCO-Test set, Right:
Retrieved image from the EFT-COCO-Train set ordered in descending
embedding similarity.

are less effective, likely because small rotation errors can accumulate into substantial
joint discrepancies. Incorporating positive pairs (“pose, +ve” and “keypoint, +ve”)
further improves performance, confirming that similarity-preserving augmentations
enhance the learned feature space.

Table 4.11 compares augmentation strategies. While prior works [88, 89] included
pose-variant augmentations (rotation, flipping), we observe these are detrimental,
as they alter global orientation. In contrast, location-variant and color-variant
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Figure 4.12: Comparison of keypoints and pose representations.

augmentations—individually or combined—consistently improve performance over
the baseline.

Figure 4.12 compares retrieval based on pose similarity (rot6d) and keypoint
similarity. High keypoint similarity usually corresponds to high pose similarity, but
the reverse does not always hold: small differences in joint rotations can accumulate
into significant mismatches in keypoint positions. This explains why joint-based
representations yield better results in Table 4.10, as they retrieve samples that are
more closely aligned with the query image both visually and geometrically.
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Figure 4.13: (C) Visualisation from training with and without 𝐿𝑝𝑟𝑜 𝑗 .

Takeaway. A pose- and shape-aware supervised contrastive objective, with
positive samples generated by location- and color-variant augmentations, yields
embeddings that capture pose similarity rather than background similarity. This
encourages augmentation-invariant features, which keep the pose and shape
estimates accurate under imperfect part crops.

Pixel alignment. Table 4.12 shows that incorporating differentiable rendering
and applying the projected segmentation loss (𝐿𝑝𝑟𝑜 𝑗) in RoboSMPLX reduces both
PVE and MPJPE errors. These improvements stem from more accurate learning of
body and camera parameters, leading to better alignment between the rendered
3D mesh and the input image. Conventional metrics such as PVE and MPJPE
are computed after root alignment and therefore do not fully capture how well the
predicted mesh aligns with the image once reprojected to 2D. This limitation is
further compounded by the lack of ground-truth camera parameters in most pose
and shape estimation datasets, meaning that camera supervision is typically sparse
and indirect, provided only through aligning projected joints with ground-truth
2D keypoints. The pixel alignment strategy addresses this by enforcing denser
supervision via 𝐿𝑝𝑟𝑜 𝑗 , which improves both the estimation of camera parameters
and the overall quality of the re-projection. Qualitative results (Fig. 4.13) show
that training with 𝐿𝑝𝑟𝑜 𝑗 leads to visibly better alignment of the projected mesh
vertices with the image compared to training without it.

Takeaway. Differentiable rendering with a projected segmentation loss (𝐿proj)
provides dense 2D supervision. It simultaneously improves camera estimation and
the visual alignment of the rendered mesh to the image, a quality under-reported
by standard numerical metrics.
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4.5 Conclusion

In this chapter, we introduce a new framework RoboSMPLX to advance the field
of whole-body pose and shape estimation. Our approach enhances the whole-
body pipeline by improving the accuracy of part crop localization and equipping
part subnetworks with the robustness needed to handle imperfect crops while still
producing reliable results. This is achieved through three key innovations: (1) precise
subject localization via explicit learning of both sparse and dense part predictions,
(2) robust feature representation using supervised contrastive learning, and (3)
accurate pixel-level alignment of the outputs through differentiable rendering.

Future Work. Several promising research directions remain. First, our current
training strategy does not actively select hard negative samples. Investigating hard
negative mining—such as deliberately including visually similar poses within the
same batch—may improve the discriminative power of the learned features. Second,
although we avoid augmentations that alter global orientation (e.g., flipping or
rotation) due to their negative impact, we have not fully studied the individual and
combined effects of other augmentations. Future efforts could explore methods for
automatically selecting and composing augmentations to maximize performance.

Within the broader thesis narrative, this chapter provides a stronger body-level
foundation for the subsequent move to clothed and disentangled avatar modeling in
Chapter 5. While the proposed framework improves robustness under imperfect
crops, challenges such as loose clothing and heavy occlusion remain, and seed the
future directions outlined in Chapter 7.





Chapter 5

Disentangled 4D Human Generation

and Animation from a Single Image

5.1 Introduction

Building on the improved robustness in whole-body pose and shape estimation from
Chapter 4, this chapter turns to the next stage of the thesis pipeline: moving from
body recovery to clothed and disentangled avatar modeling. We introduce Disco4D,
which represents clothing, hair, and accessories as separable Gaussian layers over
a parametric SMPL-X body, enabling more flexible reconstruction, editing, and
animation. A remaining gap motivates the work in Chapter 6: canonical multi-view
supervision for consistent asset recovery.

The development of high-fidelity 3D digital humans is increasingly important
across a variety of augmented and virtual reality applications. To streamline
the creation of these digital avatars from easily accessible in-the-wild images, a
multitude of research efforts have been made on reconstructing 3D clothed human
models from a single image [18–24, 24–27]. These works predominantly focus on
the simultaneous reconstruction of the human body and clothing. Unfortunately,
these works have inherent limitations, and integrating them into applications that
require virtual try-on or avatar customization poses significant challenges. This is
primarily because the models are rendered as single-layer, non-animatable meshes
where distinct attributes (e.g., hair, clothing, accessories) are merged into one

The work in this chapter has been published in [228].
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continuous surface, with underlying layers completely obscured and self-contact
areas inseparably connected. Such limitation complicates the re-animation and
dynamic customization tasks. Existing works that perform layered reconstruction
[144, 145] rely on self-rotating video inputs with extensive frames and viewpoints
and involve substantial processing times.

To address these issues, we propose Disco4D, a novel 4D clothed human reconstruc-
tion method that distinctly separates the human body from clothing elements from a
single image. It supports human animation as the 4th dimension, which cannot be
realized by prior static 3D reconstruction works [18–25]. To achieve this, it employs
the SMPL-X [5] parametric model to represent the human body, capitalizing on its
efficacy in capturing body structure and kinematics. Conversely, clothing, along
with dynamic and variable elements such as hair and accessories, is represented
using Gaussian models, which are able to model the large variability in clothing.
By binding Gaussians to a SMPL-X model and fixing it during the training phase,
Disco4D ensures the integrity of the body while focusing the learning process on
the appearance aspects. To model occluded portions not visible in the input image,
diffusion models are used to enhance the 3D generation process. Moreover, Disco4D
includes an identity grouping mechanism for the Gaussians, which is instrumental
in maintaining the separability and individuality of each clothing asset.

The independent reconstruction of clothing and body offers several advantages. (1)
Enhanced reconstruction fidelity. The SMPL-X body serves as a stable anchor for
the clothing to conform to. By isolating the focus to learn clothing Gaussians, we
achieve a more refined geometry and intricate detailing in the clothed model. (2)
Fine-grained categorization and extraction of clothing items. Disco4D is able to
separate clothing Gaussians into their respective categories, which is crucial for
the recovery and utilization of individual clothing assets. (3) Extensive editing
capabilities. Disco4D supports different editing functions, including the removal
of specific items, inpainting (altering color or material), and other modifications.
Such rich editing options allow for precise adjustments to individual assets without
inadvertently affecting adjacent elements. This level of control is particularly
beneficial in applications requiring detailed customization, such as virtual fashion
design and digital content creation. (4) Improved animation capabilities. The
body Gaussians adhere to the deformations dictated by the SMPL-X model, while
clothing Gaussians conform to the underlying body movements but also exhibit
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behaviors true to their material characteristics. The disentangled deformation
allows for nuanced adjustments to clothing behavior in response to complex body
movements, thereby elevating the quality of clothed human animation.

5.2 Methodology

5.2.1 Preliminaries

3D Gaussian Splatting employs explicit 3D Gaussian points as its primary
rendering entities. A Gaussian at position 𝑥 is modeled as a function 𝐺 (𝑥) =

𝑒−
1
2 (𝑥−𝜇)

𝑇Σ−1 (𝑥−𝜇) , where 𝜇 denotes the spatial mean and Σ is the covariance matrix.
Each Gaussian additionally has its own rotation 𝑟, scaling 𝑠, opacity 𝛼, and a view-
dependent color 𝑐 parameterized via spherical harmonic coefficients 𝑓 . Rendering
is performed by projecting these 3D Gaussians into the 2D image plane through
a splatting operation. The projection uses the camera projection matrix, and the
corresponding 2D covariance is approximated as: Σ′ = 𝐽𝑔𝑊𝑔Σ𝑊

𝑇
𝑔 𝐽

𝑇
𝑔 , where 𝑊𝑔 is

the view transformation, and 𝐽𝑔 is the Jacobian of the affine approximation for
perspective projection. The final pixel color is obtained through alpha-blending of
𝑁 layered 2D Gaussians from front to back 𝐶 =

∑
𝑖∈𝑁 𝑇𝑖𝛼𝑖𝑐𝑖, with 𝑇𝑖 =

∏𝑖
𝑗=1(1−𝛼 𝑗 ).

Here, the opacity 𝛼 is obtained by multiplying a learnable density term 𝛾 with the
contribution of the projected covariance Σ′ relative to the pixel position in image
space. For optimization, the 3D covariance Σ is parameterized using a quaternion
𝑞 for rotation and a scale vector 𝑣.

SMPL-X parameterization [5] extends the original SMPL body model [1] by
incorporating detailed face and hand deformations to better model more expressive
human motions. SMPL-X expands SMPL joint set by including additional joints
for facial features, toes and fingers, allowing a more precise modeling of complex body
motions. SMPL-X is represented by a function 𝑀 (𝛽, 𝜃, 𝜓) : R|𝛽 |×|𝜃 |×|𝜓 | → R3𝑁 ,
where 𝜃 ∈ R3𝐾 represents the pose (with 𝐾 being the number of body joints),
𝛽 ∈ R|𝛽 | represents body shape, and 𝜓 ∈ R|𝜓 | captures facial expressions. Further
details can be found in [5].
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Figure 5.1: Framework Overview of Disco4D. (a) 3D Generation utilizes
a single image to obtain disentangled body and clothing Gaussians. Body, face
and hand poses are refined to be pixel-aligned. For faster initialization, clothing
Gaussians and visual hull are obtained with Gaussian Reconstruction Models.
These clothing Gaussians are embedded to SMPL-X mesh and adopt the local
coordinate system of the triangle. Subsequently, the iterative optimization process
(pruning, identity encoding and densifying) separates the body and garments.
The learned identity encodings guide the densification of the clothing Gaussians.
(b) 4D Animation is achieved by either direct driving of SMPL-X poses or
leveraging video to learn extra clothing deformation (refer to Figure 5.2 for more
details). Various (c) 3D/4D Editing operations can be performed with our
disentangled representation.

5.2.2 Overview

Given a single image, Disco4D generates animatable 3D clothed human avatars in
a bottom-up manner, facilitating natural separability. Our generated 3D clothed
avatars, denoted as 𝑆ℎ𝑢𝑚𝑎𝑛, are represented as the concatenation of 𝑆𝑏𝑜𝑑𝑦 and 𝑆𝑐𝑙𝑜𝑡ℎ.
Inspired by prior works [115, 116], 𝑆 capitalizes on Gaussian representations:

𝑆 = 𝐺 (𝜇, 𝑟, 𝑠, 𝛼, 𝑐, 𝑒), (5.1)

where 𝜇, 𝑟, 𝑠, 𝛼, 𝑐 and 𝑒 denote positions, rotation, scaling, opacity, spherical
harmonics coefficients and identity encoding, respectively. Different from traditional
Gaussian representations, we add identity encoding 𝑒 to associate each Gaussian
with its clothing category.

Figure 6.1 depicts our framework. We start by generating colored SMPL-X Gaussians
representing the body beneath clothing (Sec. 5.2.3). We obtain a visual hull for
canonicalization and refine Gaussian predictions to align and envelop the SMPL-
X mesh (Sec. 5.2.4). Next, we iteratively optimize canonical clothing Gaussians
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external to the SMPL-X mesh (Sec. 5.2.5). Lastly, we showcase the animation and
editing of generated clothed avatars (Sec. 5.2.6). Notably, we leverage diffusion
models to refine textures during 3D generation (Sec. 5.2.5) and extrapolate unseen
views during 4D animation (Sec. 5.2.6).

5.2.3 SMPL-X Gaussians

Given an image, we first estimate coarse SMPL-X parameters with an off-the-shelf
model [229], and then refine coarse predictions by fitting on 2D keypoints and
clothing segmentation masks, obtaining pixel-aligned SMPL-X parameters (𝛽, 𝜃, 𝜓).

Mesh Binding. To convert the SMPL-X [5] mesh 𝑀 (𝛽, 𝜃, 𝜓) into Gaussians
𝑆𝑏𝑜𝑑𝑦 for rendering, flat 3D Gaussians are bound to each mesh triangle, similar to
SuGaR [230]. Gaussian means 𝜇𝑏𝑜𝑑𝑦 are computed using predefined barycentric
coordinates, while Gaussian rotations 𝑟𝑏𝑜𝑑𝑦 derive from surface normals. The
initial scaling 𝑠𝑏𝑜𝑑𝑦 ensures dense mesh coverage, with the last axis set to 0.1 for a
uniformly thin surface. For color representation beneath clothing, opacity 𝛼𝑏𝑜𝑑𝑦 is
set to 1.0, with spherical harmonics 𝑐𝑏𝑜𝑑𝑦 optimized for each Gaussian. Visible skin
color is supervised, while occluded skin color aligns with visible regions. A fixed
label 𝑒𝑏𝑜𝑑𝑦 is assigned for rendering, remaining unchanged during training. When
optimizing clothing Gaussians 𝑆𝑐𝑙𝑜𝑡ℎ, SMPL-X Gaussians 𝑆𝑏𝑜𝑑𝑦 parameters stay
fixed, preserving the body structure while allowing flexible learning for clothing.

5.2.4 Initialization of Clothing Gaussians

Cloth styles are diverse, making proper initialization crucial for effective clothing
modeling. In synchronization with estimating SMPL-X, we first employ the Video
Diffusion Model [118] to estimate multi-view images. Subsequently, we leverage
Gaussian Reconstruction Models [116] to obtain initial 3D Gaussians and their
corresponding visual hull. Yet, the reconstructed 3D outputs often suffer from
geometric inaccuracies, such as incorrect poses due to pose ambiguity or missing
limbs. To address this, we refine the coarse visual hull to ensure it accurately aligns
with and overlays the SMPL-X mesh and encapsulates a good geometry for the
clothed figure. With SMPL-X aligned visual hull, we derive the refined Gaussians
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by adopting properties from their nearest neighbors. The refined visual hull and
Gaussians are then canonicalized for the optimization phase.

Mesh embedding. Each 3D clothing Gaussian is embedded on a triangle of the
canonical mesh, defining its position in both canonical and posed spaces. The
mean vertex position O serves as the origin of the local coordinate system, with the
Gaussian positioned by an offset vector v = 𝜎i + 𝛽j + 𝛾k, where 𝜎, 𝛽, and 𝛾 are the
components of the displacement vector along the tangent i, bitangent j, and normal
k. Unlike SplattingAvatar [231], which displaces Gaussians along the normal, our
approach allows embedding to the most suitable triangle rather than the nearest
one. For example, hair Gaussians are tagged to head faces instead of the nearest
face for reposing [231, 232] (Figure 5.12). In animation, the Gaussian rotates with
its embedded triangle face (𝛿𝑟), while scaling (𝛿𝑠) is adjusted dynamically based on
changes in edge lengths. During optimization, Gaussian and embedding parameters
(O, v, 𝛿𝑟, and 𝛿𝑠) are jointly updated.

5.2.5 Optimization of Separable Gaussians

With the SMPL-X Gaussian and initialized clothing Gaussian, we aim to optimize
canonical clothing Gaussians 𝑆𝑐𝑙𝑜𝑡ℎ outside the SMPL-X mesh. This involves three
steps: 1) we use Signed Distance Function (SDF) loss and pruning to discourage and
remove Gaussians that reside within the body; 2) we introduce identity encoding
𝑒 to attach a clothing label for each clothing Gaussian, by lifting multi-view 2D
segmentations of the target object onto the 3D Gaussians; and 3) guided by 𝑒𝑏𝑜𝑑𝑦
and 𝑒𝑐𝑙𝑜𝑡ℎ, we selectively densify only the relevant clothing points while ignoring
body points. Once the disentangled clothing is obtained, we use SDS loss to in-paint
high-resolution texture from the reference image to individual clothing Gaussians,
thereby enriching the details of unseen regions.

SDF Loss and Pruning. In reality, the clothing is always external to the body.
During refinement, we ensure that the clothing Gaussians are positioned externally
to the SMPL-X mesh by applying the SDF loss and a pruning strategy. Specifically,
the SDF loss L𝑠𝑑𝑓 penalizes any new densified Gaussians that intrude into the space
of the SMPL-X mesh, ensuring that the clothing Gaussians consistently remain
outside the body’s surface. Pruning is applied at fixed intervals to reinforce this
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separation, and systematically remove any Gaussians located within the SDF of
the SMPL-X mesh.

Identity encoding. To associate each Gaussian to its clothing category, we
introduce Identity Encoding (𝑒), a learnable and compact vector of length 15,
representing clothing categories from SegFormer [233] segmentation masks0. During
training, the encodings are rendered into 2D segmentation masks in a differentiable
manner following [234]. For classification, we apply a softmax to the rendered
features 𝐸id and use cross-entropy loss L2𝑑 for (𝐾+1)-category classification. An
unsupervised 3D regularization loss L3𝑑 promotes spatial consistency among the
top 𝑘-nearest 3D Gaussians’ Identity Encodings. Consequently, the overall identity
loss is L𝑖𝑑 = L2𝑑 + L3𝑑. Refer to Appendix in the [228] for more details.

Densification of clothing Gaussians. To learn clothing more efficiently, we
perform sampling for categorical Gaussians that belong to the same clothing category
and embedding. We find the 𝑘-nearest Gaussian points for the resampled points
and inherit their Gaussian properties (scaling, rotation, opacity, SH properties). By
selectively densifying clothing Gaussians, we only add necessary Gaussians while
ignoring body Gaussians.

Anisotropy. To prevent overly-skinny kernels that point outward from the object
surface under large deformations, we enforce the anisotropy of Gaussian kernels
following [235]. During optimization, we employ Lani =

1
|𝑃 |

∑
𝑝∈𝑃max

(
max(𝑠𝑝)
min(𝑠𝑝) , 𝜏

)
−𝜏,

where 𝑠𝑝 is the scalings of 3D Gaussians. This loss constrains the ratio between the
major and minor axis lengths below threshold 𝜏.

Total loss. To inpaint occluded textures, we use the L𝑆𝐷𝑆 loss on the Gaussians
in the canonical pose after optimizing the front view for 500 steps. Combined with
the conventional 3D Gaussian Loss L𝑜𝑟𝑖 on image rendering, the total loss 𝐿 for
end-to-end optimization of clothing Gaussians via network 𝐶𝑁 is:

L = 𝜆𝑜𝑟𝑖L𝑜𝑟𝑖 + 𝜆𝑖𝑑L𝑖𝑑 + 𝜆𝑎𝑛𝑖L𝑎𝑛𝑖 + 𝜆𝑠𝑑𝑓L𝑠𝑑𝑓 + 𝜆𝑆𝐷𝑆L𝑆𝐷𝑆

(5.2)
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Figure 5.2: 4D animation is achieved by (a) driving SMPL-X poses or (b)
using video to learn additional clothing deformations. From the first frame, a
static 3D disentangled GS model is generated. Pose transformations deform
body and clothing Gaussians, and a deformation network is optimized to capture
additional clothing deformations over time.

5.2.6 4D Human Animation and Editing

Disco4D’s disentangled representation naturally supports animation and editing.
The canonical Gaussians 𝑆𝑏𝑜𝑑𝑦 and 𝑆𝑐𝑙𝑜𝑡ℎ enable separate deformations for clothing
and body, ensuring realistic animation. Besides, individual clothing categories
can be easily edited using image or text prompts. The learned clothing can be
transferred to different body shapes and poses, for versatile customization.

Animating Gaussians. As shown in Figure 6.1, Disco4D enables animation
of the canonical human Gaussian via two methods. Firstly, Gaussians can be
directly driven using 3D SMPL-X sequences obtained from a motion database or

0Categories: 0: "Background", 1: "Hat", 2: "Hair", 3: "Sunglasses", 4: "Upper-clothes", 5:
"Skirt", 6: "Pants", 7: "Dress", 8: "Belt", 9: "Left-shoe", 10: "Right-shoe", 11: "Face", 12:
"Skin", 13: "Bag", 14: "Scarf"
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estimated from 2D videos. Secondly, Disco4D enhances the model by learning
detailed clothing dynamics from monocular videos. This disentanglement enables
the focused modeling of clothing dynamics without altering the underlying human
representation.

To extend static 3D Gaussians into dynamic 4D Gaussians, a deformation network
is trained to predict changes in position, rotation, and scale of the reposed clothing
Gaussians based on a timestamp, as described in DreamGaussian4D [173]. Unlike
DreamGaussian4D [173], which learns deformations for all Gaussians, Disco4D
models body Gaussians using the SMPL-X mesh, while clothing Gaussians employ
posed transformations and learned deformations. The transformation is defined as
𝑆′′ = 𝐷𝑁 (𝑆′, 𝑡) where 𝐷𝑁 is the deformation network, 𝑆′ is the spatial descriptions
of the reposed 3D clothing Gaussian, 𝑡 is the timestamp, and 𝑆′′ is the spatial
descriptions of the deformed and reposed 3D clothing Gaussians. Following Dream-
Gaussian4D [173], the deformation model is initialized to predict zero deformation
at the start of training to avoid divergence between dynamic and static models.
The weights and biases of the final prediction heads are initialized to zero, and skip
connections are introduced to enable gradient backpropagation.

To optimize the deformation field using the reference view video, we minimize
the reconstruction loss L𝑅𝑒 𝑓 between the rendered image and video frame at each
timestep. To propagate the motion from the reference view to the entire 3D model,
we leverage Zero-1-to-3-XL [106] to predict the deformation of the unseen part to
calculate L𝑆𝐷𝑆. Despite per-frame predictions of image diffusion models, the fixed
color and opacity of static 3D Gaussians help preserve temporal consistency.

Editing Clothing Gaussians. We extract the Gaussians corresponding to the
specific category and edit them. This allows fine-grained editing and ensures that
other Gaussians are not affected. Instead of fine-tuning all 3D Gaussians, we freeze
the properties for most of the well-trained Gaussians and only adjust a small part
of 3D Gaussians relevant to the target categories. For 3D object removal, we
simply delete the 3D Gaussians of the editing target. For 3D object colorization
by in-painting or text guidance, we reinitialise the color and tune the color (SH)
parameters of the corresponding Gaussian group, while fixing the 3D positions and
other properties to preserve the learned 3D geometry.
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Table 5.1: CLIP-embedding loss for generated humans and segmented
assets, and performance (PSNR, SSIM, LPIPS) comparisons for novel
poses and views on the Synbody and CloSe datasets across Dream-
Gaussian, LGM, SHERF, and Disco4D.

Method
SynBody CloSe

CLIP Novel View CLIP Novel View Novel Pose

All ↑ Pants ↑ Shirt ↑ Shoes ↑ PSNR ↑ SSIM ↑ LPIPS ↓ All ↑ Pants ↑ Shirt ↑ Shoes ↑ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
DreamGaussian 0.751 0.715 0.710 0.749 13.118 0.883 0.229 0.734 0.693 0.674 0.767 20.08 0.939 0.089 - - -
LGM 0.807 0.724 0.747 0.760 12.884 0.876 0.228 0.829 0.727 0.712 0.778 20.50 0.939 0.077 - - -
SHERF 0.766 0.649 0.636 0.714 15.189 0.852 0.189 0.777 0.785 0.729 0.801 18.96 0.912 0.083 15.54 0.844 0.165
Disco4D 0.851 0.784 0.753 0.801 15.691 0.848 0.185 0.856 0.858 0.810 0.842 20.10 0.918 0.081 17.96 0.851 0.136

Input DreamGaussian LGM SHERF Disco4D Disco4D (Novel Pose) Disco4D (Edited)

Figure 5.3: Qualitative comparison of image generation across Dream-
Gaussian, LGM, SHERF, and Disco4D.

5.3 Experiments

5.3.1 Implementation details

The 3D generation experiments were conducted using a single 24GB RTX3090 GPU,
while the 4D generation experiments utilized a single 48GB RTX6000 GPU. For the
3D generation process, the SMPL-X fitting was performed with 3000 iterations in 3
minutes, followed by skin color inpainting on SMPL-X Gaussians for 100 iterations
in 30 seconds. Reconstruction and disentanglement optimization required 3000
iterations, completed in 12 minutes. In video reconstruction, SMPL-X fitting aligned
14 frames in 6 minutes for in-the-wild videos. The 4D-Dress [236] experiments
involved 1000 iterations for clothing deformation over 18 minutes.
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Table 5.2: User study rates quality of generated 3D Gaussians from
1-5. The higher the better.

Metric Image Consistency ↑ Overall Quality ↑

DreamGaussian 2.017 1.852
LGM 2.338 2.017
Disco4D 3.142 3.037

5.3.2 3D Generation

Generation and Disentanglement. Our generation and disentanglement results
are presented in Figure 5.3 and Table 5.1. We assessed the disentanglement
quality using the Synbody [237] and CloSe [238] datasets, rendering 30 and 110
clothed human meshes respectively from four angles and evaluating CLIP-similarity,
PSNR, SSIM, and LPIPS for various poses and views within the CloSe dataset.
Disco4D leverages diffusion models without requiring training on human specific
datasets. Therefore, we compare it with DreamGaussian [115] and LGM [116]
which reconstruct 3D objects from diffusion models. Additionally, we conducted
comparisons with SHERF, a human-centric baseline for evaluating novel poses and
views. Figure 5.3 shows Disco4D has higher fidelity and better geometry for body
parts such as face and limbs due to the representation using SMPL-X Gaussians.
It outperforms DreamGaussian and SHERF on SynBody and CloSe benchmarks.
Disco4D performs worse than LGM on novel views, likely due to its optimization of
Gaussians in canonical space for pose generalization, compromising view-specific
detail.

Editing. We can edit specific clothing appearance given an image or text prompt,
repose the person and transfer person characteristics. The disentanglement allows
fine-grained editing and modification of individual assets without affecting other
assets, and stacking multiple edits (Figure 5.3).

User study. We conducted a user study to evaluate the generative quality of our
image-to-3D Gaussians reconstruction on random in-the-wild images from SHHQ,
detailed in Table 5.2. This study focuses on reference view consistency and overall
generation quality, crucial aspects in image reconstruction tasks. We rendered
360-degree rotation videos for 25 images generated by DreamGaussian, LGM, and
Disco4D. We invited 43 volunteers to rate 24∼27 mixed samples from these methods
on image consistency and overall model quality, yielding 1080 valid scores. As
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Figure 5.4: Qualitative evaluation on ITW images.

Figure 5.5: Qualitative evaluation on avatars clothed in dress.

shown in Table 5.2, Disco4D was preferred, demonstrating better alignment with
the original image content and superior overall quality.

In-the-wild evaluation. Our focus on studio and synthetic datasets (e.g., Synbody,
CloSe, and 4DDress) was due to the availability of ground-truth data from multiple
views, enabling rigorous quantitative evaluation. ITW images lack such ground-
truth data, making comparisons challenging. Nevertheless, our solution applies to
ITW images, with some examples shown in Fig. 5.4. Examples of avatars clothed
in dress are added in Fig 5.5, driven with poses from subjects in Fig. 5.4.

Takeaway. Anchoring clothing Gaussians to a fixed SMPL-X body yields sharper
face and limb geometry than generic object-level initialisations (e.g., DreamGaus-
sian, LGM). Separately, representing clothing as disentangled Gaussian layers
supports fine-grained, asset-level editing without affecting adjacent components.
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Figure 5.6: Comparison to 2D animation methods. Compared to Magic-
Animate and Animate-Anyone, we have better preservation of body shape and
details. Compared to CHAMP, we have better geometry and consistency.

5.3.3 4D Animation

Pose-Driven Animation. Disco4D generates canonical Gaussians that can
be animated with any pose sequence. Figure 5.6 demonstrates our animation
capabilities and compares them with current SOTA 2D animation methods. Using
identical inputs—a single frame and pose sequence—our approach more effectively
preserves the body shape and fine details such as facial features and clothing. It
surpasses Animate-Anyone [28] and Magic-Animate [29] in accurately modeling fine-
grained body parts like hands and faces, and exhibits greater consistency compared
to CHAMP [32]. The disentanglement feature of Disco4D further allows for direct
manipulation of Clothing Gaussians, as shown in Figure 5.9.

4D Reconstruction. For the 4D-Dress Dataset [236], we evaluated 8 sequences,
assessing CLIP similarity scores against ground-truth meshes and disentangled assets,
along with novel view performance (PSNR, SSIM, LPIPS) from four viewpoints.
Table 5.3 summarizes our quantitative results, benchmarking Disco4D against
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Table 5.3: CLIP-embedding loss for generated humans and segmented
assets, and performance (PSNR, SSIM, LPIPS) comparison on 4D-
Dress across various video-to-4D methods.

All ↑ Assets ↑ PSNR ↑ SSIM ↑ LPIPS ↓

DreamGaussian4D 0.784 0.769 20.54 0.93 0.080
MonoHuman 0.762 0.743 20.22 0.92 0.086
GART 0.800 0.772 18.81 0.92 0.086
GaussianAvatar 0.822 0.768 20.01 0.93 0.069
DreamGaussian4D (LGM init) 0.809 0.795 19.16 0.93 0.086
DreamGaussian4D (Disco4D init) 0.870 0.849 21.02 0.93 0.065
Disco4D (reposed) 0.853 0.774 23.94 0.95 0.049
Disco4D (reposed)+learned deformations 0.900 0.865 25.46 0.96 0.035

Figure 5.7: Qualitative comparison of 4D generation between Dream-
Gaussian4D, MonoHuman, GART, GaussianAvatar, and Disco4D.

existing video-to-4D general GS approaches, such as DreamGaussian4D [173], as
well as human-centric GS methods, including MonoHuman [177], GART [180], and
GaussianAvatar [179]. We evaluate on monocular videos comprising 14 frames,
captured from a limited front-view perspective, without full-body visibility across
frames.

Disco4D outperforms MonoHuman [177], GART [180], and GaussianAvatar [179]
(Table 5.3) as these methods reconstruct using known video information, unable
to model unseen regions. Consequently, these methods cannot accurately model
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Figure 5.8: 4D reconstruction results on 4D-Dress Dataset.

back views from front-facing videos, leading to artifacts in other perspectives and
canonical space (see Figure 5.7). In contrast, Disco4D first performs reconstruction
and subsequently incorporates details, such as clothing deformation, from the input
frames, enabling consistent reconstruction even in unseen viewpoints.

While DreamGaussian4D [173] is capable of modeling back-view information, the
details remain coarse. Our results demonstrate that initializing with our model
from the first frame (DreamGaussian4D Disco4D-init) significantly outperforms
other initialization methods (DreamGaussian4D-LGM init, DreamGaussian init) in
both fidelity and geometry (Table 5.3). Nevertheless, without incorporating human
priors, DreamGaussian4D [173] still faces challenges, such as missing limbs and
difficulty modeling fine details like facial features (see Figure 5.8.

Reposing our canonical avatar enables us to align the body and assets accurately
with the inferred postures from the source video, yielding high-quality reconstruction
of faces, hands, and garments. Our reposed method surpasses DreamGaussian4D
in geometry and fidelity by incorporating human priors. However, reposing alone
cannot capture clothing dynamics. To address this, our disentangled approach
models clothing deformations on the reposed Gaussians, guided by a diffusion model.
As demonstrated in Figure 5.8 and Table 5.3, this process enhances the accuracy of
clothing resemblance to the ground truth. The combination of asset repositioning
and learned deformations improves modeling quality, with repositioning handling
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pose-driven changes and learned deformations simulating dynamic asset movements
as observed in the driving video.

Takeaway. Decoupling body deformation (via SMPL-X reposing) from clothing
deformation (via a diffusion-guided residual) enables temporally coherent 4D
reconstruction from limited views. Reposing accounts for pose changes, while
the residual captures asset-dependent motion.

4D Editing. For a normal pipeline in character animation, editing the person in the
video requires high consistency throughout all frames. For pose-driven animation
methods, first frame editing and generation is required. Our method directly edits
the Gaussians, which is more straightforward, fine-grained and consistent. This is
seen from Figure 5.9. Extended visualizations and results showcasing 3D generation
and disentanglement, pose-driven animation, video-to-4D reconstruction, and fine-
grained editing of animated outputs are demonstrated in the accompanying demo
results in our project page at https://disco-4d.github.io/.
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Figure 5.10: Ablation of initialization. (a) Random Initialization (b) SMPL-
X Initialization (c) Visual Hull Initialization.

Ablation

DreamGaussian LGM OursInput Without fixed 
Gaussians

With fixed 
Gaussians

AllAllAll Outside SMPL-XOutside SMPL-X

Geometry Editing

Figure 5.11: Ablation of points geometry (left) and editing results
(right). Points ("All") are visualised with a Gaussian Scale of 0.1.

5.3.4 Ablation Studies

Initialization of Clothing Gaussians. This process is crucial for high fidelity
reconstruction. As shown in Figure 5.10, we evaluate different strategies, including
random, surface, and hull-based initialization. Hull-based initialization significantly
enhances the model accuracy and realism over other methods. Initialization directly
on the SMPL-X surface often leads to inaccurate geometries, particularly with
complex or loose garments, creating elongated, thin Gaussians and visual artifacts.
In contrast, hull-based initialization captures garment details more effectively and
maintains pose consistency, closely aligning with the true geometry of the clothed
body.

Geometry of Clothing Gaussians. Figure 5.11 highlights the differences in
clothing geometry between DreamGaussian [115], LGM [116] and Disco4D. In
DreamGaussian, all points are confined within the body geometry, whereas in LGM,
about half of the points extend beyond the SMPL-X body. Removing internal
points leaves sparse, translucent representations for clothing. This sparsity suggests
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Figure 5.12: Visualization of hair tagging.

reliance on internal points for visual representation, failing to accurately depict
the object’s geometry where appearance should primarily originate from surface
points. Often, clothing Gaussian points are incorrectly positioned inside the body’s
hull rather than on the surface. To better represent clothing geometry, Disco4D
positions all clothing Gaussians externally to the SMPL-X body mesh, accurately
reflecting the garment’s actual physical characteristics.

Clothing editing. Figure 5.11 shows our editing results with the prompt "Color
the top pink". Disco4D allows for precise editing of the targeted clothing without
affecting other areas.

Hair tagging. In our approach, hair Gaussians are tagged to head faces rather
than the nearest face during reposing. Reposing hair Gaussians according to the
nearest face, as commonly done in previous works, often results in artifacts such
as disjointed hair (Figure 5.12). By leveraging the learned identity encoding, we
assign a unified identity to hair Gaussians, enabling them to be reposed cohesively
as a single entity, thereby preserving the structural integrity of the hair during
transformations.

5.4 Discussion

Despite achieving impressive results, some failure cases still exist, as shown in Figure
5.13. Its performance depends on robust, pixel-aligned SMPL-X estimation, which
remains unsolved for challenging poses (Figure 5.13a). It occasionally fails for poor
visual hull initialization, which is common in difficult poses (Figure 5.13b). Lastly,
misclassification by the segmentation model can lead to poor disentanglement, such
as arms being misclassified as "top" clothing (Figure 5.13c).
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Figure 5.13: Failure cases of Disco4D. (a) Poor SMPL-X estimation (b)
Poor visual hull initialization (c) Misclassification of clothing categories.

The extraction of mesh assets from clothing Gaussians using Local Density Query,
as per DreamGaussian [115], currently loses fine-grained details. Enhancing the
detail level of geometry derived from clothing Gaussians could bolster the utility
of reconstructed assets in animation and simulation applications. Furthermore,
the initialized visual hulls obtained from multi-view SMPL-X guided images are
often of suboptimal quality and suffer from poor side and back views, necessitating
refinement. Improving pose guidance models to achieve more accurate visual hulls
could alleviate the need for extensive refinement. In addition, future works could
look into modeling multi-layered clothing and reconstructing the occluded clothing.

Loose clothing and physical dynamics. However, the dynamics are geometric
rather than physics-based. Clothing deforms with the body via learned offsets,
without modelling inertia, collisions, or material properties. As a result, while
appearance is well reconstructed from the input and diffusion-guided views, motion
under novel poses follows the body and lacks physically consistent secondary
dynamics. In particular, loose clothing Gaussians that track large body deformations
can appear “broken” under extreme poses. Two promising directions are: (i)
integrating a lightweight physics model to enable physically plausible garment
motion; and (ii) representing clothing as an explicit surface (e.g., a mesh) to better
preserve structural coherence during deformation.

Societal considerations. While Disco4D enables applications in content creation
and entertainment, it also raises risks such as deepfake misuse and IP concerns,
underscoring the need for appropriate safeguards and regulation.
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5.5 Conclusion

We propose Disco4D, a novel approach for the generation of 3D animatable clothed
human Gaussians from a single image, emphasizing high-fidelity detail and sep-
aration of assets. We manage to compositionally generate separate components,
such as haircut, accessories, and decoupled outfits. Our core insight is the fixing
of SMPL-X Gaussians, fitting segmented Gaussians over SMPL-X Gaussians, and
application of diffusion models to enhance 3D reconstruction, including modeling
occluded parts not visible in the input image. Its capability to separate assets offers
significant advantages, including localized, fine-grained editing of individual assets
and enhanced animatability.

Within the broader context of this thesis (Fig. 1.1), Disco4D extends robust body
mesh recovery to clothed and disentangled avatar modeling, enabling structured
representations that support editing and animation. At the same time, achieving
consistent and high-fidelity asset recovery remains dependent on reliable canonical
multi-view supervision, which is addressed in Chapter 6.



Chapter 6

Using Video Diffusion Models to

Generate Animatable and

Customizable Human Avatars with

Reusable Assets

6.1 Introduction

This chapter addresses the fourth and final stage of the thesis pipeline shown
in Fig. 1.1: identity-level controllable generation on top of the layered avatar
representation introduced in Chapter 5. A residual limitation of the previous
stage motivates the approach developed in this chapter: the absence of canonical
multi-view supervision needed for consistent asset recovery.

Developing high-fidelity 3D human avatars that are both animatable and cus-

tomizable from a single image is critical for applications like animation, virtual
try-on, and interactive environments. Additionally, achieving disentanglement,
where individual attributes (e.g., skin texture, clothing, accessories) can be indepen-
dently modified, is crucial for enabling flexible customization without regenerating
the entire avatar.

Unfortunately, significant challenges remain. Despite advances in single-image
human reconstruction [19, 20, 24, 239], animating these models remains difficult.

89



90 6.1. Introduction

They are typically aligned to non-canonical input poses, requiring complex rigging
for motion control. Existing methods for clothed human reconstruction [18–27] fuse
body and clothing into a single-layer, non-animatable mesh. This prevents effective
separation of clothing, hair, and accessories, especially in self-contact regions. As a
result, these models are unsuitable for tasks requiring dynamic customization and
layered representations.

A promising approach is to use multi-view canonical pose images, which provide
viewpoint consistency and structural integrity for animation. A standardized pose,
such as A-pose or T-pose, offers a stable baseline for motion retargeting and reduces
articulation artifacts. Multi-view images also facilitate disentangled asset generation
and enable independent reconstruction of clothing, hair, and accessories. However,
capturing them in practice requires complex camera setups, precise calibration,
and controlled environments. Layered reconstruction methods [144, 145, 240, 241]
attempt to address this but often rely on user-provided rotating videos, limiting
scalability and practicality.

Inspired by the success of diffusion models in multi-view object generation [105,
111], some works extend these approaches to multi-view human image generation
[146, 147], but focus only on static reconstruction. Other diffusion-based human
animation methods [28, 30–32] enable pose-controlled synthesis but suffer from view
inconsistencies, motion artifacts, and poor preservation of fine shape, facial details,
and clothing. These limitations stem from their reliance on 2D video training.
Recent works such as CharacterGen [33] and EN3D [34] synthesize multi-view
canonical images for riggable 3D avatar reconstruction. However, they still struggle
with fine-detail preservation and offer limited control over individual assets.

Relation to Disco4D (Chapter 5). Among recent approaches, Disco4D is
the closest prior work, reconstructing a disentangled clothed human from a single
image using SMPL-X and layered Gaussians. However, it has three limitations that
motivate a new approach rather than an incremental extension. First, it requires a
near-canonical input pose, whereas ReposeHuman accepts arbitrary poses and reposes
the subject into a canonical A-pose via a trained video diffusion model. Second, its
multi-view supervision comes from existing pose guidance models with low-quality
side and back views, whereas ReposeHuman trains a dedicated video diffusion model
with dense pose conditioning. Third, its Gaussian-to-mesh extraction loses fine
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detail, whereas ReposeHuman recovers clean asset-level meshes via 2D Gaussian
Splatting with normal supervision.

Building on this analysis, we propose ReposeHuman, a 3D clothed human generation
method that separates body and clothing while ensuring structural consistency
from a single image. Our key contributions are:

• A video diffusion model for dense multi-view image generation

in arbitrary poses. The model supports diverse body shapes and sizes,
and produces riggable avatars even from partial views. To improve identity
and pose control, we build on two existing conditioning mechanisms—IP-
Adapters [35] and LoRA [36]—which we compose into task-specific modules:
Face IPA, Clothing IPA, and Pose LoRA.

• A dataset of 3D disentangled human assets for independent asset control
and structured pose conditioning.

• An improved Gaussian Splatting pipeline for geometrically accurate,

high-fidelity asset recovery. We combine 2D Gaussian Splatting, Gaussian
Grouping, and normal supervision to reconstruct smooth and clean clothing
meshes from disentangled Gaussians.

We demonstrate that ReposeHuman generates high-quality, customizable avatars
suitable for animation and virtual environments. It provides a scalable multi-view
generation solution from a single image, ensuring pose consistency and asset editing.
By addressing animation fidelity and disentanglement, ReposeHuman improves
realism and adaptability for interactive and immersive applications.

6.2 Preliminary

2D Gaussian Splatting (2DGS). 2DGS [242] represents surfaces using planar
Gaussian disks tightly aligned to surface geometry. Each 2D Gaussian is defined by
a center point 𝜇, a covariance matrix Σ, an opacity 𝛼, and a view-dependent color
𝑐 parameterized by spherical harmonic coefficients 𝑓 .

Each disk is defined in a local tangent frame by orthogonal vectors 𝑡𝑢 and 𝑡𝑣, with
scale parameters (𝑠𝑢, 𝑠𝑣) controlling elliptical variance: 𝑃(𝑢, 𝑣) = 𝜇 + 𝑠𝑢𝑡𝑢𝑢 + 𝑠𝑣𝑡𝑣𝑣.
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The Gaussian at (𝑢, 𝑣) is: 𝐺 (𝑢, 𝑣) = 𝑒−
1
2 (𝑢

2+𝑣2) . During rendering, an explicit
ray-splat intersection computes the contribution of each Gaussian, eliminating
perspective errors found in 3DGS [114] projections. Pixels are accumulated by
front-to-back alpha blending: 𝐶 =

∑
𝑖 𝑇𝑖𝛼𝑖𝑐𝑖, with 𝑇𝑖 =

∏𝑖
𝑗=1(1 − 𝛼 𝑗 ). Unlike

3DGS [114], which uses volumetric Gaussians, 2DGS directly defines surface-aligned
disks for improved geometric accuracy and multi-view consistency.

SMPL-X parameterization. SMPL-X [5] extends SMPL [1] incorporating
detailed face and hand deformations to capture expressive motions. It expands the
SMPL joint set with additional joints for facial features, toes and fingers. SMPL-X
is defined as: 𝑀 (𝛽, 𝜃, 𝜓) : R|𝛽 |×|𝜃 |×|𝜓 | → R3𝑁 , where 𝜃 ∈ R3𝐾 represents the pose
(with 𝐾 being the number of body joints), 𝛽 ∈ R|𝛽 | models body shape, and 𝜓 ∈ R|𝜓 |

captures facial expressions. Further details are in [5].

Video Diffusion Models. These models generate video sequences by iteratively
denoising noise-initialized latent representations. Traditional UNet architectures
model spatiotemporal latents but struggle with long-range dependencies and tem-
poral consistency. Diffusion Transformer (DiT) architectures improve performance
by capturing long-range temporal dependencies and enhancing frame-to-frame
coherence.

6.2.1 Video Diffusion Components

I2V Video diffusion models. For our denoising model, we opt for the open-
source Image-to-Video (I2V) CogVideoX [243] diffusion model that employs a
diffusion transformer architecture. It utilizes a 3D Variational Autoencoder (VAE)
to project videos from the pixel domain into a latent space, where the latents are
then patchified and unfolded into a long sequence denoted as 𝑧noise. Simultaneously,
textual input is encoded into text embeddings 𝑧text using T5[244]. In the I2V
models, image is an additional condition alongside the text 𝑧image. The image is
passed through 3D VAE and concatenated with the noised input in the channel
dimension. Subsequently, 𝑧text, 𝑧noise and 𝑧image are concatenated along the sequence
dimension. The concatenated embeddings are then processed through a stack of
expert transformer blocks, which integrates Adaptive Layer Normalization for better
alignment and 3D Rotary Positional Encoding (RoPE)[245] to enhance the model’s
ability to capture temporal dynamics and long-range dependencies in video frames.
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Finally, the model output is unpatchified to restore the original latent shape and
subsequently decoded using a 3D causal VAE decoder to reconstruct the video.

Low-rank Adaptation (LoRA) [36] is a parameter-efficient fine-tuning technique
that reduces the computational cost of adapting large-scale pre-trained models by
injecting low-rank decomposition matrices into their weight updates. LoRA [36]
targets the residual component of the model, denoted as Δ𝑊 , which is added to the
original weight matrix, yielding the updated weights as:

𝑊′ = 𝑊 + Δ𝑊.

In this formulation, Δ𝑊 is expressed as the product of two low-rank matrices:

Δ𝑊 = 𝐴𝐵𝑇 ,

where 𝐴 ∈ R𝑛×𝑑, 𝐵 ∈ R𝑚×𝑑, and 𝑑 < 𝑛, 𝑑 < 𝑚. By focusing on the smaller low-rank
matrices 𝐴 and 𝐵, rather than the full-weight matrix 𝑊 , LoRA effectively reduces
both computational and memory costs during the training process.

Image Prompt Adapters (IP-Adapter) [35] was initially introduced as a
lightweight plug-and-play module to enable image prompt conditioning and integrate
identity-preserving features in pretrained text-to-image diffusion models, enabling
efficient adaptation with minimal computational overhead. We extend this approach
by integrating IP-Adapter into image-to-video (I2V) diffusion models, significantly
improving identity preservation, particularly in clothing and facial consistency.

The proposed IP-Adapter consists of two key components: (1) an image encoder
that extracts visual features from an image prompt and (2) adapted cross-attention
modules that inject these features into the pretrained I2V video diffusion model
using decoupled cross-attention. We employ Sapiens [246] as the image encoder to
enhance feature extraction.

Given query features Z and text features 𝑐𝑡 , the standard cross-attention mecha-
nism is formulated as Z′ = Attention(Q,K,V) = Softmax(QK

⊤
√
𝑑
)V, where Q = Z𝑊𝑞,

K = 𝑐𝑡𝑊𝑘 , and V = 𝑐𝑡𝑊𝑣 are the query, key, and value matrices. To incor-
porate image features 𝑐𝑖, a new cross-attention layer is introduced, yielding:
Z′′ = Softmax(QK

′⊤
√
𝑑
)V′, where K′ = 𝑐𝑖𝑊

′
𝑘
, V′ = 𝑐𝑖𝑊

′
𝑣. The final formulation

combines text-based and image-based attention, ensuring both textual and visual
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Figure 6.1: Framework Overview of ReposeHuman.

conditioning: Znew = Softmax(QK⊤
√
𝑑
)V + Softmax(QK

′⊤
√
𝑑
)V′. Notably, the original

transformer blocks remain frozen, with only the newly introduced IP-Attention
weights 𝑊′

𝑘
and 𝑊′

𝑣 being trainable. This ensures an efficient and lightweight inte-
gration of image features, allowing seamless identity preservation in video diffusion
models.

6.3 Methodology

Given a single image or text prompt, we aim to generate an animatable, disentangled
3D GS avatar. The avatar is created across multiple canonical poses and rigged
with an aligned SMPL-X model. The disentangled assets allow for flexible editing
and composition.

An overview of our ReposeHuman framework is provided in Figure 6.1. It has three
stages: (1) generate dense multi-view canonical images from an input image or text
with pose guidance using a reposing model, (2) reconstruct a disentangled 3D GS
avatar, and (3) apply optional editing or animation, including clothing deformation.

6.3.1 Reposing Model Architecture

To generate multi-view images, we design a reposing model upon a Video Diffusion
Transformer, as shown in Figure 6.2. We adopt the open-source Image-to-Video
(I2V) model, CogVideoX [243]. It processes textual input via T5 [244] embeddings,
concatenating image conditions with noisy latents in the sequence dimension for
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Figure 6.2: Our video diffusion model generates multi-view images
with improved identity consistency using person and face IPAs. A
LoRA adapter enables control over pose and shape.

improved alignment. Additionally, Adaptive Layer Normalization and 3D Rotary
Positional Encoding (RoPE) [245] enhance temporal coherence and long-range
dependencies in generated video frames.

During denoising, the reference image is encoded into VAE features 𝐹𝑖 ∈ R𝐵×1×𝐶×𝐻𝑊 ,
where 𝐵 is batch size, 𝐶 is channels, and 𝐻𝑊 is spatial tokens. Video noise latents
are 𝐹𝑣 ∈ R𝐵× 𝑓×𝐶×𝐻𝑊 , where 𝑓 is the number of output frames. To maintain identity
consistency, reference image features are fused with latent features, enabling self-
attention-based feature interaction.

Our approach introduces two lightweight yet effective enhancements to the I2V
model:

1) Dual IP-Adapter Integration. We add two Image Prompt (IP) Adapters [35]
to enhance identity consistency: a Person IPA for body and clothing details, and a
Face IPA for fine facial features. Both inject reference image features into cross-
attention layers. We use Sapiens [246] as the image encoder. Only the IP-Adapter
weights are trained, keeping the base model frozen. This improves identity retention
and generation quality across views.

2) Control Signal Integration. We guide generation using structured control
signals, including keypoints, normals, depth, and semantic maps. Pose control is
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Figure 6.3: Some examples of our ReposeHuman dataset.

applied using Low-Rank Adaptation (LoRA)[36], which injects low-rank decomposi-
tion matrices into weight updates with minimal overhead (see Section 6.2.1). Our
model supports multiple canonical poses, such as X-pose, DA-pose, and T-pose,
improving generalization across body types, clothing styles, and hairstyles. We also
inject dense SMPL-X [5] signals, following [32], to better preserve body shape. This
avoids distortions seen in EN3D [34] and CharacterGen [33], which rely only on
sparse keypoints. The rendered pose guidance video is encoded by a 3D VAE into
pose latents. These are concatenated with video noise latents before each denoising
step. This lets the model jointly process image conditions and pose guidance during
generation.

6.3.2 Disentangled 3D Synthetic Dataset

Existing datasets face key limitations: (1) 3D static datasets like THuman [150],
4D-Dress [236], and CloSe [238] lack pose and body shape diversity, restricting
generalization. (2) Riggable datasets such as EN3D [34] and RenderPeople are
small-scale and lack SMPL-X ground truth, complicating dense body alignment.
Large-scale datasets like BEDLAM [247] and SynBody [237] do not release their
3D models and assets. (3) All existing datasets have simplistic clothing textures,
limiting real-world applicability.

To address these gaps, we build a high-quality synthetic disentangled 3D dataset
with diverse body shapes, detailed clothing textures, and expanded pose variations.
We integrate open-source assets to enhance realism and diversity:

1. SMPL-X textures: High-quality facial textures from FFHQ-UV [248] are
transferred to FLAME. SMPL-X body textures are sampled from BEDLAM [247]
and color-corrected to match faces.
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Table 6.1: Comparisons of our dataset with existing ones.

Dataset IDs SMPL-X Animatable Layered
THuman 200 ✓ ✗ ✗
THuman2.1 2500 ✓ ✗ ✗
2K2K 2050 ✗ ✗ ✗
EN3D 900 ✗ ✓ ✗
4D-Dress 64 ✓ ✗ ✗
CloSe 3000 ✓ ✗ ✗

ReposeHuman 50K ✓ ✓ ✓

2. Garment and texture diversity: GarmentCode [249] clothing assets are
adapted from their custom body model to SMPL-X. A text-conditioned texture
generation model enhances texture variations.

3. Hair modeling: HAAR [250] hair assets are mapped from their custom head
model to SMPL-X. Hair textures are synthesized from scalp textures for realism.

The dataset pipeline involves: (1) generating SMPL-X bodies with varied shapes
and poses, (2) mapping clothing and hair assets, and (3) synthesizing high-resolution
body and clothing textures. All samples are consistently aligned and reposable with
SMPL-X parameters.

Figure 6.3 shows dataset samples. Table 6.1 compares our dataset to existing ones
in scale, diversity, and consistency. Our dataset contains over 50K identities and
50K distinct poses, covering representation across geographical origins, clothing
styles, body shapes, age groups, and genders. Each sample includes: (1) a reposable
3D textured human model with clothing and hair, along with ground-truth SMPL-X
parameters; (2) dense multi-view renders in canonical and posed states.

For evaluation, we set aside 50 canonicalized samples from CloSe [238] samples and 8
video samples from 4D-Dress[236] for 3D generation and 4D animation experiments.

6.3.3 Training Strategy

Robust augmentation. Input images are often segmented and may contain
imperfections. To improve generalization, we apply robust augmentations: (1)
half-body cropping for partial views, (2) object-shaped cropping and pasting using
OccludedPASCAL3D+[251] to simulate imperfect segmentation, and (3) random
scaling and translation to prevent over-reliance on centered subjects. These aug-
mentations increase model resilience to input variations.
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Two-stage training. We first train the model on a large set of 3D models with
keypoint-conditioned supervision. In the second stage, we introduce dense body
shape controls using rendered SMPL-X data, which requires models with accurate
SMPL-X fitting. This joint training ensures close alignment between generated
images and pose guidance. We also apply extra facial consistency losses and
augmentations to further enhance identity preservation and robustness.

6.3.4 Generation, Animation and Editing of Disentangled

GS Avatar

3D Disentangled Generation. The consistency of multi-view images in canonical
space makes avatar generation efficient. Inspired by Disco4D [228], we model
Gaussians as separable layers on the human body, introducing key modules for
better efficiency and fidelity.

Given an image, we estimate SMPL-X parameters with an off-the-shelf model [229].
The body is posed to a canonical or target pose. We render 40-view pose guidance
videos and apply our reposing model to generate dense, high-quality multi-view
images. Body Gaussians, colored to match skin, are bound to each SMPL-X
triangle to form 𝑆𝑏𝑜𝑑𝑦 under skin color consistency loss. Clothing Gaussians 𝑆𝑐𝑙𝑜𝑡ℎ
are optimized separately and disentangled from 𝑆𝑏𝑜𝑑𝑦. We enforce spatial separation
using SDF loss and pruning. Identity encoding [234] and multi-view segmentation
guide grouping and densification of 𝑆𝑐𝑙𝑜𝑡ℎ for fine detail recovery. The result is a
high-quality avatar with structured body and clothing layers, enabling animation
and editing.

We introduce several improvements over Disco4D:

• High-fidelity multi-view generation: Our reposing model directly generates
high-fidelity multi-view images in canonical or target poses. This eliminates
the need for visual hull or LGM-based Gaussian initialization and minimizes
refinement.

• SMPL-X aligned generation: Our pipeline eliminates explicit SMPL-X fitting
by leveraging reposed multi-view generation, reducing computational cost versus
Disco4D.
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• Geometrically accurate 2D Gaussians: We incorporate 2D Gaussian Splat-
ting (2DGS)[242], which uses planar Gaussian disks to achieve better view
consistency and smoother geometry than 3DGS.

• Clothing mesh-guided embedding: We recover a clothing mesh and embed
Gaussians on its surface for better alignment and stability under deformation,
especially for skirts and dresses, which often tear under large motions in Disco4D.

4D animation Like Disco4D, ReposeHuman animates avatars by (1) driving SMPL-
X sequences from motion datasets or 2D video estimates, (2) learning fine clothing
dynamics from monocular videos while body Gaussians remain fixed, and (3)
independently animating clothing Gaussians attached to the recovered clothing
mesh.

We use a deformation network 𝐷𝑁 to predict position, rotation, and scale changes
of clothing Gaussians 𝑆′ at time 𝑡, yielding 𝑆′′ = 𝐷𝑁 (𝑆′, 𝑡), following DreamGaus-
sian4D [173]. Unlike [173], which deforms all Gaussians, we only deform clothing
Gaussians while SMPL-X drives body motion. The network starts from zero defor-
mation for stability and uses skip connections to maintain smooth gradients. Body
Gaussian color and opacity remain fixed to ensure temporal consistency despite
per-frame diffusion.

Instead of using Zero-1-to-3-XL [106] as in Disco4D to hallucinate unseen motions
with SDS loss, our reposing model directly generates unseen views, enabling stronger
supervision through reconstruction loss and yielding higher-fidelity results.

4D editing. We enable fine-grained editing by isolating and modifying only
Gaussians of the target object, leaving others fixed. Object removal is done by
deleting the corresponding Gaussians. Color edits use in-painting or text guidance
to modify only the color (SH) parameters, preserving geometry.

6.3.5 Experiment Setup

The 2D generation experiments were trained on 8×H100 GPUs for 80k steps over 5
days for both stages. The 3D generation experiments used a single 24GB RTX3090
GPU, while the 4D experiments utilized a 40GB RTXA6000 GPU. For 3D generation,
SMPL-X optimization ran for 1k steps in 30s, followed by skin color inpainting
on SMPL-X Gaussians for 100 iterations in 30s. Generation and disentanglement
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Table 6.2: Quantitative results of multi-view canonical image generation
on the CloSe.

SSIM ↑ LPIPS ↓ PSNR ↑ CLIP ↑ Asset CLIP ↑

CharacterGen [33] 0.8160 0.2057 11.3275 0.7597 0.6948
AnimateAnyone [28] 0.8867 0.1141 15.1646 0.8480 0.8047
MimicMotion [31] 0.8824 0.1253 14.1805 0.8163 0.7722
CHAMP [32] 0.9205 0.0717 17.7750 0.9157 0.8672
MusePose [32] 0.9026 0.0915 16.1468 0.8887 0.8477
ReposeHuman 0.9221 0.0625 18.8452 0.9263 0.8890
ReposeHuman w/o dataset 0.8986 0.1053 15.7912 0.8923 0.8421
ReposeHuman w/o augmentation 0.9208 0.0619 18.8331 0.9245 0.8560
ReposeHuman w/o dense controls 0.9132 0.0815 17.7782 0.9053 0.8601

optimization required 3000 iterations, completed in 6 minutes—half the time of
Disco4D [228]. In 4D-Dress [236] video reconstruction, clothing deformation was
optimized over 1000 iterations in 15 minutes.

6.4 Evaluation

6.4.1 2D Canonical Human Generation

We evaluate ReposeHuman against leading methods: CharacterGen [33], Ani-
mateAnyone [28], MimicMotion [31], CHAMP [32], and MusePose [30]. Char-
acterGen generates only four A-pose views, so we limit its evaluation accordingly.
The other methods are compared over 40 canonical views rendered from CloSe [238]
meshes.

Table 6.2 and Figure 6.4 show quantitative and qualitative results. The CloSe
dataset includes 50 clothed human meshes rendered at 40 viewpoints for full 360-
degree coverage. We report LPIPS, SSIM, PSNR, CLIP similarity, and Asset CLIP
(on segmented clothing regions).

ReposeHuman outperforms all baselines across metrics. It achieves the highest SSIM
(↑), PSNR (↑), and CLIP scores (↑), and the lowest LPIPS (↓), as shown in Table 6.2.
Compared to methods trained on 2D video data [28, 31, 32], ReposeHuman benefits
from our 3D disentangled dataset and dense pose controls. We show that training
only on 3D data can outperform 2D-based approaches in reposing to new poses
and achieving superior multi-view consistency. Ablations confirm this: removing
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Figure 6.4: Qualitative comparisons of multi-view canonical video
generation on in-the-wild images from the SHHQ dataset.

the dataset (ReposeHuman w/o dataset) significantly reduces all scores, highlighting
the importance of 3D supervision. Removing augmentation (ReposeHuman w/o
augmentation) yields minimal drop on average metrics, but Figure 6.5b shows that
robust augmentation helps especially on difficult samples. Removing dense controls
(ReposeHuman w/o dense controls) lowers performance, confirming the value of
strong conditioning. CHAMP [32], which also uses dense conditioning, ranks second
behind ReposeHuman.

Figure 6.4 illustrates that ReposeHuman produces superior consistency and robust-
ness. It successfully disentangles the subject from artifacts, even under half-body
crops and imperfect segmentation. AnimateAnyone [28] and MusePose [30] often
produce incorrect back and side views, likely due to front-view biases in their
training. CharacterGen [33] is limited to A-pose and shows poor identity retention
with partial crops. Compared to CHAMP [32], our method maintains better body
shape consistency across views. Overall, ReposeHuman leads existing methods in
multi-view consistency, geometric quality, and identity preservation. Additional
examples are in Appendix Figures 6.11(a)–6.11(d).

We further validate the impact of our dataset and robust augmentation in Fig-
ure 6.5. Our dataset improves face, clothing geometry and body shape consistency.
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Figure 6.5: Training with our dataset achieve better (a) face consis-
tency (b) body shape consistency (c) clothing geometry consistency.
Augmentation helps with robustness to (a) half body crop (b)occlusion
(c) imperfect segmentation.

Table 6.3: Quantitative results of 3D generation on CloSe.

SSIM ↑ LPIPS ↓ PSNR ↑ CLIP ↑ Asset CLIP ↑

DreamGaussian [115] 0.8701 0.1510 14.0147 0.7336 0.7131
LGM [116] 0.8953 0.1059 15.3836 0.8264 0.8243
SIFU [239] 0.9163 0.0897 16.6345 0.8169 0.7722
CharacterGen [33] 0.9243 0.0625 18.7591 0.8495 0.8566
ReposeHuman w/o 2DGS 0.9182 0.0793 19.1016 0.8590 0.8553
ReposeHuman w/o normal loss 0.9178 0.0632 19.0208 0.8661 0.8584
ReposeHuman 0.9185 0.0613 19.0221 0.8672 0.8591

Robust augmentation enhances model robustness to half-body crops, occlusions,
and imperfect segmentation.

Takeaway. Multi-view consistency is driven by the curated disentangled dataset
and dense pose controls: removing the dataset degrades all metrics, while
removing dense controls leads to inconsistent side and back views. Robust
augmentation has modest average gains but significantly improves performance
on challenging inputs such as half-body crops and imperfect segmentation.

6.4.2 3D Disentangled Human Generation

We evaluate ReposeHuman against animatable human generation (CharacterGen [33])
and static human reconstruction methods (SIFU [239], DreamGaussian [115],
LGM [116]). All methods use our generated canonical pose images as input.

Table 6.3 and Figure 6.6 displays the quantitative and qualitative comparisons of
3D generation in canonical poses. While CharacterGen achieves a higher SSIM,
likely due to its stronger structural consistency, it fails under difficult poses, as
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Figure 6.6: Qualitative comparisons of 3D generation methods in
original pose (left) and canonical pose (right). SIFU and LGM took
our generated canonical image for canonical generation.

shown in Figure 6.4, and struggles to maintain identity consistency. In all other
metrics, our method outperforms other methods, achieving superior perceptual
fidelity, color consistency, and semantic alignment. Figure 6.6 shows ReposeHuman
has higher fidelity and better geometry for body parts such as face and limbs due
to the representation using SMPL-X Gaussians. Unlike SIFU, DreamGaussian, and
LGM, our models support animation. Moreover, compared to all existing models,
ReposeHuman uniquely achieves disentanglement. 3D generation and disentangle-
ment of assets on in the wild images are shown in Fig. 6.9. Asset transfer between
different subjects are shown in Fig. 6.8.

The first row of Figure 6.7 shows that all ReposeHuman variants produce visually sim-
ilar generation, aligning with the comparable quantitative metrics for ReposeHuman
w/o 2DGS and ReposeHuman w/o normal loss in Table 6.3. In contrast, the second
row reveals pronounced differences in the extracted 3D assets. Omitting 2DGS
leads to poor surface coverage and degraded geometry, while removing the normal
consistency loss results in noisy surface orientation, as illustrated in the last row.
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Figure 6.7: Qualitative visualization of clothing geometry across repre-
sentations.

Incorporating both components yields smoother, more stable geometry, enhancing
asset extraction and mesh quality. Although 2DGS and normal loss contribute
modestly to image-space metrics, they are critical for high-fidelity disentangled 3D
reconstruction.

Takeaway. 2D Gaussian Splatting and the normal consistency loss have little
impact on image metrics but are crucial for clean, animation-ready meshes,
highlighting that image metrics poorly reflect asset quality.

6.4.3 4D Human Animation and Editing

For this task, we compare our approach with other video-to-4D general GS ap-
proaches, such as DreamGaussian4D [173], as well as human-centric GS methods,
including MonoHuman [177], GART [180], and GaussianAvatar [179] on the 4D-
Dress dataset [236] following [228]. Figure 6.10 presents examples of animated
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Figure 6.8: Transfer of assets from targeting clothing to source person.

Table 6.4: CLIP-embedding loss for generated humans and segmented
assets, and performance (PSNR, SSIM, LPIPS) comparison on 4D-
Dress across various video-to-4D methods.

All ↑ Assets ↑ PSNR ↑ SSIM ↑ LPIPS ↓

DreamGaussian4D 0.784 0.769 20.54 0.93 0.080
MonoHuman 0.762 0.743 20.22 0.92 0.086
GART 0.800 0.772 18.81 0.92 0.086
GaussianAvatar 0.822 0.768 20.01 0.93 0.069
Disco4D 0.900 0.865 25.46 0.96 0.035
ReposeHuman 0.908 0.889 25.32 0.96 0.031

avatars generated from in-the-wild images. Table 6.4 shows that our method outper-
forms all others across all metrics except PSNR for Disco4D. Figure 6.7 shows that
while 3DGS and 2DGS appear visually similar, our method achieves more accurate
geometry than all other 3DGS-based approaches. Despite slightly outperforming
Disco4D in most metrics, our approach ensures geometric accuracy using 2DGS
and normal loss.

We provide extended visualizations of multi-view canonical generation in X-pose
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Figure 6.9: Canonical 3D generation and disentanglement on in-the-
wild images.

(Fig. 6.11(d)), DA-pose (Fig. 6.11(c)), T-pose (Fig. 6.11(a)), and A-pose (Fig.
6.11(b)). Our method demonstrates robustness across different body shapes and
effectively disentangles the subject from external objects, preserving structural
consistency while ensuring accurate pose alignment. Additional animation and
editing examples are included in Figure 6.10 .
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“Skipping rope”

“Remove 
pants and 
shoes”

“Remove 
skirt and 
hair”

“Person B’s 
clothing”

“Person A’s 
clothing”

“Cha cha dancing”

Asset removal

Asset composition

Figure 6.10: Animation and editing of our 3D avatars generated from
in-the-wild images.

6.5 Conclusion

In this work, we present ReposeHuman, a robust approach to generate animatable
and disentangled 3D human from a single image. Unlike prior methods such as
EN3D [34] and CharacterGen [33], we leverage a video diffusion model to generate
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Edit body shape

“Balancing”

“Taller and 
skinner”

“Shorter and 
fatter”

“Jumping over an obstacle”

“Recolor the 
shirt green”

“Recolor the 
shirt purple 
and pants 
black”

Asset recolor

Figure 6.10: Animation and editing of our 3D avatars generated from
in-the-wild images.

dense multi-view images of individuals in various canonical poses. Our approach is
robust to varying body shapes and achieves superior texture and facial consistency.
It also disentangles human and asset generation, enhancing flexibility for editing and
composition. We further introduce a large-scale, riggable, and disentangled human
dataset with diverse textures, body shapes, and clothing geometries, overcoming the
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(a) T-pose canonical outputs.

(b) A-pose canonical outputs.

(c) DA-pose canonical outputs.

(d) X-pose canonical outputs.

Figure 6.11: Qualitative comparison of outputs from our reposing
model on SHHQ across four canonical poses: T-pose, A-pose, DA-pose,
and X-pose. Each subfigure presents multi-view high-resolution outputs
aligned to the respective canonical frame.
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limitations of existing datasets in clothing and texture diversity. It will be publicly
available for human-centric 3D modeling research.

Limitations and Future Work. Optimizing an animatable and disentangled
avatar still requires several minutes. Future work will explore feed-forward 3D
reconstruction techniques to improve efficiency. Additionally, the facial resolution in
the generated avatars is limited due to the relatively small pixel area of the face in
the input images. To address this limitation, future work could focus on generating
multi-view, high-resolution facial images to improve head reconstruction quality.
Furthermore, our dataset currently lacks shoe assets, primarily due to the limited
availability of open-source models. Future efforts will aim to acquire a more diverse
set of shoe assets to enhance the completeness of the dataset.

Within the broader context of this thesis (Fig. 1.1), ReposeHuman completes the
final stage by enabling canonical multi-view supervision and controllable asset
generation on top of the disentangled representation from Chapter 5. Together,
Chapters 3–6 form an end-to-end pipeline that converts a single in-the-wild image
into an animatable 3D avatar with disentangled assets. Chapter 7 revisits this
unified framework and outlines remaining challenges for future work.
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Conclusion and Future Works

This thesis advances the goal of achieving robust and expressive 3D human mod-
eling by addressing key challenges across human pose and shape estimation, and
generative avatar creation. Through comprehensive benchmarking, we establish
strong baselines and practical insights for fair and reproducible human mesh re-
covery. We then propose frameworks that enhance the robustness and accuracy of
whole-body pose and shape estimation, ensuring reliable predictions under challeng-
ing conditions. Moving beyond modelling, we introduce generative methods that
enable compositional and disentangled human asset creation, along with large-scale
datasets to support diverse and realistic human generation. Collectively, these
works provide complementary contributions toward building scalable, controllable,
and animatable human models, laying the foundation for future applications in
animation, virtual reality, and digital content creation.

7.1 Conclusion

In the pursuit of improving 3D human mesh recovery, significant efforts have been
dedicated to developing novel algorithms. However, there is a notable lack of
systematic exploration into other critical factors that can impact the performance
of such models. In our research, we present the first extensive benchmarking study,
detailed in Chapter 3, that investigates various configurations for mesh recovery
tasks. We thoroughly analyze these factors and identify key strategies and insights
that can significantly enhance model performance. Our benchmarking study aims

111
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to establish strong baselines that can facilitate unbiased comparisons in future mesh
recovery research. A summary of our findings is provided in Section 3.7.

Moving forward to Chapter 4, we propose a novel framework called RoboSMPLX

to advance the field of whole-body pose and shape estimation. Our framework
addresses the challenges associated with accurate part localization and robustness to
suboptimal part crops, resulting in reliable outputs. It introduces three innovative
components: (1) an accurate subject localization module that explicitly learns sparse
and dense predictions of the subject, enhancing the precision of part crop localization,
(2) a robust feature extraction module that leverages supervised contrastive learning
to ensure the extraction of meaningful and invariant features from suboptimal part
crops, and (3) a pixel alignment module that utilizes differentiable rendering to
achieve precise alignment of output pixels, leading to improved estimation of pose,
shape, and camera parameters.

Chapter 5 presents Disco4D, a compositional approach for generating animatable
clothed human Gaussians from a single image. By fixing SMPL-X Gaussians, fitting
clothing Gaussians with identity labels over them, and leveraging diffusion models,
Disco4D enables the high-fidelity reconstruction of clothed humans, including
occluded parts not visible in the input image. Its disentangled representation of
clothing, hair, and accessories supports flexible editing and animatability, making
it highly applicable to animation and virtual asset creation.

Finally, in Chapter 6, we propose ReposeHuman, a robust pipeline that generates
animatable and disentangled 3D avatars from a single image. Our key insight is to
leverage a video diffusion model to synthesize multi-view canonical poses, achieving
superior texture consistency and generalization to diverse body shapes. Additionally,
we construct a large-scale, riggable human dataset with diverse textures, body
shapes, and clothing geometries, overcoming the limitations of existing datasets
in clothing and texture diversity. This dataset will be made publicly available to
support future research in human-centric 3D modeling.

7.2 Future Work

Viewing this thesis as an integrated pipeline (Fig. 1.1) highlights several remaining
gaps. Clothing deformation in Chapter 5 is modeled geometrically rather than
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physically, limiting realism under motion. Disentangled avatar generation in Chap-
ter 6 is further constrained by the scale and diversity of supervision, as well as by
per-avatar optimisation times measured in minutes. The directions below outline
natural next steps to address these limitations.

Part A: Extending the Thesis Pipeline

Direction 1: Physics-based clothing dynamics. Chapter 5 represents
clothing as Gaussian layers that deform with the body via learned offsets. As a
result, loose garments may appear visually broken under large or complex motions,
as noted in Chapter 5’s limitations. Chapter 6 extracts explicit clothing meshes from
these Gaussians, but the meshes are still driven by body-conditioned deformation.
Neither representation accounts for physical effects such as inertia, collision, or
material properties. A natural next step is to equip both representations, the
Gaussians from Chapter 5 and the meshes from Chapter 6, with a learned physics
layer, rather than a hand-crafted physics solver. Two complementary directions
are promising: (i) a lightweight differentiable physics layer that enforces collision,
gravity, and material stiffness at inference time on either representation, and (ii) a
learned dynamics model trained to imitate a cloth simulator on synthetic data and
then applied to real-world avatars, avoiding the per-garment parameter tuning that
classical simulators require. Either approach would bridge the gap between strong
appearance modelling and currently limited motion realism, enabling more faithful
and interactive avatar animation.

Direction 2: Scaling disentangled generation. The disentangled generation
framework of Chapter 6 remains limited along three axes: efficiency, fidelity, and
data scale. First, distilling the current per-avatar optimisation into a feed-forward
reconstruction network could reduce inference time from minutes to seconds, en-
abling interactive applications. Second, introducing a face-specific super-resolution
stage, conditioned on identity embeddings, could improve facial detail without
increasing overall computational cost. Third, scaling the disentangled dataset using
pseudo-labeling from in-the-wild video, leveraging the benchmarking methodology
of Chapter 3 and the pixel-aligned estimator of Chapter 4, would significantly
expand diversity in identities, clothing, and interactions. Together, these steps
would transform the current framework into a scalable and deployable system.
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Part B: Broader Research Trajectory

While the directions above extend the thesis pipeline, the following directions
explore how the capabilities developed in this work can be applied more broadly.

Egocentric HMR for robotics. Most existing human mesh recovery methods,
including those in Chapters 3 and 4, assume third-person viewpoints. In contrast,
robotics applications increasingly rely on egocentric recordings, where cameras are
mounted on the human body. These settings introduce new challenges such as severe
truncation, motion blur, and near-field distortions. Extending robust, pixel-aligned
whole-body estimation to egocentric scenarios would enable large-scale capture of
human interactions for imitation learning and human-robot collaboration.

Sim-to-real human data generation. The generative models developed in
Chapters 5 and 6 can also be repurposed as controllable data generators. Disen-
tangled 3D human assets enable scalable synthesis of photorealistic data across
diverse identities, clothing, and motions, particularly for scenarios that are difficult
or costly to capture in the real world. A key challenge is bridging the sim-to-real
gap at the video level. Combining multi-view diffusion generation with learned
domain adaptation techniques offers a promising direction for producing realistic
and diverse training data.

Responsible deployment. The ability to generate high-fidelity, animatable
avatars from a single image introduces risks such as identity misuse, deepfake gen-
eration, and intellectual-property concerns. Addressing these challenges is essential
for real-world deployment. Potential safeguards include provenance watermark-
ing, consent-aware data pipelines, and detection models tailored to diffusion-based
human generation.

Collectively, this thesis contributes strong baselines and frameworks to improve
robustness in human pose and shape estimation. For human generation, it introduces
compositional representations for body and clothing, as well as rich datasets that
advance the field of 3D human generation and 4D animation. These contributions
lay the groundwork for future research on scalable avatar creation from text or
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images, offering greater personalization and fine-grained control over assets, with
applications in animation, virtual reality, digital content generation, and beyond.
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