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Abstract

4D world reconstruction, which aims to recover humans, scenes, and camera systems
within a unified and metrically consistent world frame, is a foundational challenge in com-
puter vision. Most existing pipelines reconstruct these components independently, which
often leads to scale drift, depth ambiguity, and physically inconsistent human—scene in-
teractions. These issues manifest as artifacts such as floating bodies, foot sliding, or in-
terpenetration with the environment, and they are particularly severe in cluttered scenes
involving occlusions and non-planar support surfaces.

Recent progress in global human mesh recovery has improved per-frame pose and shape
estimation, but physical grounding is often weak because the scene is treated as a sparse
tracking signal or a simplified support surface. Conversely, modern dense scene reconstruc-
tion methods can recover detailed geometry, yet they frequently struggle in the presence
of dynamic humans and lack human-centric cues that would otherwise help resolve metric
scale and occluded structure. As a result, human and scene reconstructions remain poorly
coupled: humans do not reliably constrain scene geometry, and scenes do not consistently
enforce physically plausible human placement.

This proposal is motivated by a unified Human—Scene—Camera Reconstruction
(HSR) paradigm, in which humans, scenes, and cameras are estimated jointly within
a single, metric coordinate system. The core hypothesis is that humans and scenes are
mutually informative: human kinematics and anthropometric regularities provide strong
cues for resolving scene scale and geometry, while reconstructed scene structure provides
metric grounding and physical constraints for plausible human pose and placement.

To realize this paradigm, we propose an end-to-end world reconstruction model centered
on a shared world latent representation that serves as the fusion space for bidirectional rea-
soning. The model initializes scene tokens using strong scene priors with state propagation
across time, enabling temporally coherent scene features and incremental refinement. In
parallel, a multi-human pose model prior extracts compact human embeddings and initial
SMPL-X parameters. Rather than applying a single, isolated cross-attention layer, the
world latent is updated recurrently by cross-attending to the world latent and propagating
the state across frames, producing globally consistent world-frame estimates.

Physical and metric plausibility are further encouraged through implicit regularization
priors, including gravity alignment, contact consistency, and anthropometric height con-
straints, which are enforced through dedicated loss terms. Together, these design choices
aim to produce a coherent 4D world model with metrically grounded geometry, physically
plausible human—scene interaction, and camera consistency, enabling downstream applica-
tions in robotics, AR/VR, sports analytics, autonomous navigation, and embodied Al.
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Chapter 1

Introduction

1.1 Problem Statement

Reconstructing a coherent, temporally consistent, and metrically accurate 4D world from
images and videos remains one of the most fundamental and unsolved challenges in com-
puter vision. Existing approaches typically address humans, scenes, and cameras in iso-
lation or under restrictive assumptions. Human reconstruction methods often depend
on canonical spaces or strong priors, limiting generality. Scene reconstruction methods
struggle with dynamic elements, scale drift, and occlusions. Human-scene reconstruction
methods improve interaction reasoning but still fall short of producing a unified metric
world model that integrates humans, environment geometry, and camera motion.

The main problem addressed in this proposal is the development of a unified system
capable of reconstructing the full 4D world, including dynamic humans, static and dynamic
scenes, and camera systems, all within a consistent and metrically grounded coordinate
frame. This requires resolving depth ambiguities, modeling human-scene interactions, and
recovering physically plausible motion. A successful system would enable downstream ap-
plications such as controllable simulation, activity understanding, long-horizon prediction,
and embodied Al

1.2 Challenges

1. Human and Scene Entanglement. Humans and scenes are tightly coupled. Hu-
mans occlude the environment, interact with objects, and introduce complex non-



rigid motion. Scenes impose geometric and physical constraints on feasible human
actions. Many existing methods model one component more accurately than the
other, which leads to inconsistencies such as interpenetration, floating, or misaligned
contact.

2. Metric Scale Ambiguity. Monocular and sparse view reconstruction methods
often suffer from scale ambiguity or gradual scale drift. Without proper metric
grounding, the reconstructed world does not have physical interpretability, limiting
practical use in robotics, AR and VR, and world modeling.

3. Dynamic and Non-Rigid Motion. Recovering detailed human motion, clothing
deformation, and non-rigid object behavior from limited viewpoints is highly under-
constrained. Temporal modeling must capture long-term motion without overfitting
or accumulating drift.

4. Fragmented Literature. Most existing research focuses on either human recon-
struction, scene reconstruction, SLAM, neural radiance fields, or generative modeling.
Very few approaches aim to unify these components within a single coherent system.

1.3 Motivation and Applications

A unified, world-grounded reconstruction of humans, scenes, and camera systems enables
a wide range of impactful applications. Accurate 4D modeling in metric space supports
robust perception, realistic simulation, and fine-grained human-environment understand-

ing.

1. Humanoid Robotics and Embodied AI. Humanoid robots require accurate mod-
els of both their own motion and the surrounding environment to navigate, manip-
ulate objects, and interact with humans. A world-grounded reconstruction system
enables robots to recover unknown spaces from onboard cameras and operate with
precise global control in unstructured homes, warehouses, and outdoor settings.

2. Autonomous Driving in Unmapped Regions. Current autonomous vehicles rely
heavily on pre-mapped environments. Systems such as Waymo operate effectively
within restricted regions but struggle in unfamiliar or unmapped domains. A world
reconstruction method that simultaneously recovers scene geometry, dynamic agents,
and camera trajectories allows autonomous vehicles to operate safely even without
dense prior maps.



3. Augmented and Virtual Reality Content Generation. AR and VR experi-
ences, including live overlays, wayfinding, and interactive replays, require accurate
3D models of both humans and the environment. A unified reconstruction system
enables real-time model generation from monocular video, enabling virtual content
to be anchored to the physical world with correct scale, occlusion, and physics.

4. Sports Broadcasting and Immersive Viewing. In sports, accurate reconstruc-
tion of athletes and the environment allows viewers to watch replays from any angle,
inspect biomechanics, freeze time, and visualize the scene from an athlete’s perspec-
tive. This enhances game analysis, training, and spectator engagement without the
need for dense multi-camera motion capture setups.

This broad range of applications highlights the importance of developing world-
grounded reconstruction techniques and motivates the contributions of this thesis.

1.4 Proposed Contributions

This work advances the state of the art in 4D world reconstruction by introducing a unified
framework that jointly recovers humans, scenes, and cameras in metric space. The main
contributions are as follows:

1. Unified Human—Scene—Camera Reconstruction (HSR) formulation. We
formalize 4D world reconstruction as a single coupled inference problem in which
humans, scenes, and cameras are estimated jointly, enabling bidirectional reasoning:
humans provide constraints and cues for scene geometry and scale, while scenes and
cameras provide metric grounding and physical constraints for human motion and
placement.

2. World-latent fusion for cross-modal reasoning. We propose a shared world
latent representation that acts as the central fusion space for human and scene em-
beddings. Instead of treating cross-attention as a single isolated module, the world
latent is updated recurrently over time via bidirectional interaction with both (i)
scene tokens and propagated scene state and (ii) human tokens, producing globally
consistent world-frame estimates.

3. Strong pretrained priors for scene and human initialization. We leverage
strong pretrained representations to initialize both scene and human estimates: a



stateful scene encoder provides dense scene features with temporal state propagation
(predicting and passing forward the next state to condition subsequent frames), while
a human encoder produces compact human embeddings and an initial parametric
body estimate. These initializations are not treated as final outputs; instead, they
are refined through interaction with the shared world latent to improve robustness
under occlusions, fast motion, and view changes.

4. Implicit human—scene priors as regularization. We incorporate human-centric
priors, including gravity alignment, probabilistic contact consistency, and anthropo-
metric height constraints, as implicit reqularizers in the end-to-end objective. These
priors are not direct network inputs; instead, they shape the learned world representa-
tion and predictions through dedicated loss terms that encourage metric consistency
and physically plausible human—scene interaction.

5. Toward fully controllable, in-the-wild video-based 4D world reconstruc-
tion. Building on the proposed HSR model, the long-term goal is a fully controllable
4D world representation learned from in-the-wild monocular videos (including large-
scale Internet video), analogous to how modern foundation models in NLP lever-
age web-scale corpora. Such a controllable world model should support simulation
and data generation, including novel-view rendering, editable camera trajectories,
and physically consistent human—scene interaction, enabling scalable synthetic data
generation, training embodied policies, and closed-loop evaluation in diverse human-
centered environments.

1.5 Proposal Outline

The outline of this proposal is as follows. Chapter 2 reviews the existing literature in the
field, exploring different human reconstruction, scene reconstruction, and human-scene re-
construction methods. Chapter 3 describes the proposed research framework, explaining in
detail the novel backbones proposed to enable accurate world models. Chapter 4 discusses
the progress to date, along with some baseline evaluations to show the gap in the literature.
Finally, Chapter 5 explains the proposed research contributions, future directions, and the
research timeline for the completion of the proposed research.



Chapter 2

Related Works

2.1 3D Human Reconstruction

3D human reconstruction aims to estimate the full 3D geometry of the human body from
visual observations such as single or multi-view images, videos, or keypoints. Existing
approaches can broadly be categorized into parametric and non-parametric methods.
Parametric approaches rely on statistical body models to represent the human mesh as a
function of low-dimensional pose and shape parameters. Non-parametric methods, on the
other hand, attempt to directly infer the 3D mesh or vertex coordinates without assuming
any predefined model structure.

2.1.1 Parametric Human Modeling

Parametric methods are typically built upon learned human body models such as the
Skinned Multi-Person Linear Model (SMPL) [36]. SMPL provides a differentiable function
M6, 8) € R3*690 that maps pose parameters § and shape parameters 3 to a triangulated
3D body mesh. Here, 6 represents the relative 3D rotations of 23 joints, and [ denotes
the 10 principal shape coefficients that capture inter-person shape variations. The model
also learns pose-dependent deformations ¢ to account for non-rigid effects such as muscle
bulging, enabling a compact yet expressive human representation. The SMPL-X model [15]
extends SMPL by incorporating facial expressions and articulated hand motion, combining
the SMPL body with the FLAME and MANO models to achieve a full-body expressive

representation.



Building on SMPL, Kanazawa et al. introduced Human Mesh Recovery (HMR) [22],
one of the first methods to regress the 3D human body parameters directly from a single
RGB image. The model employs an image encoder to predict pose, shape, and camera
parameters, from which the corresponding 3D mesh is reconstructed. A reprojection loss
between the projected 3D joints and detected 2D keypoints enforces geometric consistency;,
while an adversarial discriminator encourages physically plausible body configurations.
This work demonstrated that end-to-end learning from images can produce realistic 3D
meshes without explicit 3D supervision.

To model temporal consistency, Human Mesh and Motion Recovery (HMMR) [23] ex-
tends HMR to sequential data. Features extracted using a ResNet-50 [18] backbone are
fed into a temporal encoder that captures motion dynamics across frames. The encoded
features are then regressed into pose and shape parameters, producing smooth mesh se-
quences. A hallucination network is further introduced to predict the meshes of adjacent
frames from a single input frame, improving temporal coherence and robustness to missing
data.

Recent transformer-based architectures have advanced parametric modeling. The 4D-
Humans framework [11] replaces convolutional backbones with a Vision Transformer (ViT),
where image patches are cross-attended with canonical SMPL query tokens before regress-
ing to pose, shape, and camera parameters. Similarly, TokenHMR [10] proposes a discrete
token-based representation of poses and introduces threshold-adaptive loss scaling to bal-
ance between accurate 3D reconstruction and image-aligned predictions. Perspective-aware
extensions such as CameraHMR, [14] further improve mesh realism by jointly estimating
camera intrinsics, effectively mitigating foreshortening effects in monocular setups.

2.1.2 Non-Parametric Human Modeling

Non-parametric methods depart from fixed statistical body models and aim to directly
estimate the 3D mesh or vertex positions from image-based cues. These approaches often
rely on graph-based or transformer-based representations that allow flexible modeling of
the body structure.

Pose2Mesh [0] introduced a graph convolutional framework that reconstructs the 3D
human mesh directly from 2D keypoints, avoiding explicit use of parametric body models.
The 2D keypoints are first detected using an integral pose estimation network [55], lifted
to 3D using PoseNet, and subsequently refined by MeshNet, which employs spectral graph
convolutions to regress vertex positions. Despite the absence of shape and pose parameters,
Pose2Mesh effectively captures realistic body shapes directly from 2D skeletons.



Transformer-based models have shown strong performance in non-parametric settings.
METRO [33] employs a transformer encoder with Progressive Dimensionality Reduction
(PDR) to predict vertex-level coordinates. Features extracted from an HRNet backbone
[54] are combined with positional embeddings for template joints and vertices, and random
query masking encourages contextual learning between body parts. This adaptation of the
BERT architecture allows joint and vertex representations to interact through attention
mechanisms, enabling accurate and coherent mesh predictions.

More recent approaches explore probabilistic and depth-aware representations.
ProHMR [27] reformulates mesh recovery as a probabilistic prediction problem, outputting
a distribution over plausible 3D poses rather than a single deterministic estimate, thus ex-
plicitly modeling reconstruction ambiguity. 12LMeshNet [3%] introduces a heatmap-based
representation called Lizels to capture the nonlinear relationship between image pixels
and 3D vertices, resulting in more stable mesh regression. Finally, depth-aware extensions
such as D2A-HMR [3] integrate depth attention and distribution-aware loss functions to
enhance alignment between reconstructed meshes and image evidence.

2.1.3 3D Human Pose Estimation

Traditional 3D human pose estimation methods decompose the task by first extracting 2D
poses from input images or videos, then reconstructing the 3D pose from these 2D pose
sequences [70, 72, 74]. These approaches predict a single, most likely 3D pose for each
2D observation/ sequence. Recently, however, multihypothesis approaches have emerged,
generating a set of plausible 3D poses for a given timestamp f from a given 2D pose
sequence centered around f [50, 19, 32]. These approaches aim to better capture pose
variability by combining multiple plausible 3D predictions using conditioning or averaging
techniques.

Recent works on 3D HPE [50, 15, 19] have focused on using diffusion models, with the
aim of naturally handling the indeterminacy and uncertainty in the observation. Diffusion
models for 3D HPE offer various advantages: (1) Plausible human poses against noise
and occlusions [73]; (2) Does not suffer from phenomena like posterior collapse, vanishing
gradients, or training instabilities [19]; (3) Captures fine-grained dynamics with fidelity
even during inherent ambiguities in representation [73, 11].



2.1.4 Global Human Mesh Reconstruction

Traditional human mesh recovery methods typically reconstruct human bodies in the cam-
era coordinate frame, which limits their applicability in scenarios requiring real-world spa-
tial understanding, such as motion capture, human-scene interaction, and augmented re-
ality. To address this limitation, recent research has focused on global human mesh
reconstruction, where the goal is to recover metrically scaled, world-aligned 3D human
meshes with temporally consistent trajectories across moving cameras and dynamic scenes.

Simultaneous Localization and Human Mesh Recovery (SLAHMR) [68] combines SfM
and human pose estimation within a unified optimization framework. The approach first
estimates camera motion using DROID-SLAM [56] and identifies individual humans across
the sequence using PHALP-based tracking [11]. A two-stage optimization process then
aligns human pose parameters with 2D keypoints from ViTPose, followed by refinement of
camera scale, shape, and pose to achieve world-consistent human meshes.

Building on this direction, World-grounded Humans with Accurate Motion (WHAM)
[52] focuses on mitigating artifacts such as foot sliding and implausible global trajectories
common in moving-camera setups. It first reconstructs pixel-aligned human meshes in
camera space using 2D keypoints and image features, and then refines trajectories in world
coordinates through a contact-aware optimization module.

TRAM [60] further extends this paradigm by leveraging DROID-SLAM for joint camera
and scene depth estimation, followed by VIMO-based mesh recovery in camera space.
Using metric scale alignment, TRAM converts these reconstructions to global coordinates,
enabling realistic motion estimation even in unconstrained in-the-wild videos. World-
grounded Humans and Cameras (WHAC) [09] uses

More recently, Gravity-View HMR (GVHMR) [51] introduces a gravity-aware frame-
work that explicitly incorporates physical priors into mesh recovery. By conditioning the
reconstructed human orientation on gravity vectors derived from video cues, GVHMR
achieves more physically plausible and stable human poses.

Overall, global human mesh reconstruction represents an important shift from purely
camera-centered mesh estimation to physically grounded, world-consistent reconstruction.
By integrating visual SLAM, temporal tracking, and physical priors, these methods enable
metrically accurate human motion understanding in complex real-world settings.



2.2 3D Scene Reconstruction

2.2.1 Sparse Feature-based Reconstruction

Classical sparse feature-based reconstruction is a foundational approach for 3D mapping
and SLAM, relying on robust feature detection, matching, and bundle adjustment to re-
cover camera poses and sparse scene points. ORB-SLAM [11], in both its v2 and v3 iter-
ations, exemplifies this approach: ORB features are extracted and tracked across frames
to establish correspondences, which are then optimized globally or locally through bundle
adjustment to produce a consistent sparse 3D map. ORB-SLAM v3 extends the system to
handle inertial measurements, supporting more robust and metric-scale tracking in chal-
lenging, dynamic, or large-scale environments.

Other approaches integrate visual-inertial fusion more explicitly. VINS [15] leverages
tightly-coupled visual-inertial bundle adjustment to estimate both camera motion and
sparse 3D landmarks, providing high accuracy in real-time for UAVs or mobile robots even
under aggressive motion. Droid-SLAM [56] and DPVO [57] push this further by combining
deep feature descriptors with traditional sparse BA pipelines, improving robustness under
lighting changes, repetitive textures, or feature-poor scenes. These systems maintain the
key advantage of sparse reconstruction: provable consistency through geometric constraints
and bundle adjustment, while still achieving near real-time performance.

COLMAP [12] represents a versatile offline reconstruction framework that also builds on
sparse feature correspondences. It combines feature extraction, matching, and incremental
or global bundle adjustment to produce highly accurate camera poses and sparse point
clouds, serving as a standard for structure-from-motion and multi-view stereo benchmarks.
Although slower than real-time SLAM systems, COLMAP provides strong metric fidelity,
dense reconstruction initialization, and a reliable baseline for evaluating learned or hybrid
dense reconstruction methods.

2.2.2 Dense Reconstruction with Geometry Priors

Dense reconstruction has seen significant advances with recent learning-based methods
that unify multi-view geometry, depth estimation, and camera pose inference into a single
architecture. DUSt3R [63] introduces a novel paradigm that directly regresses dense per-
pixel 3D pointmaps from image pairs or small image collections without requiring known
intrinsics or camera poses. By relaxing traditional projective constraints, it demonstrates
robustness in scenarios with few views, small motion, or non-Lambertian surfaces, though



its performance depends on the diversity of training data. Building on this, MonST3R [71]
extends DUSt3R into dynamic scenes by predicting pointmaps and associating them across
frames, enabling coherent reconstruction of moving or deforming regions while reducing
error accumulation common in multi-stage pipelines. Similarly, CUT3R, [62] reframes dense
reconstruction as an online, stateful process; it maintains a latent scene representation that
is incrementally updated as new frames arrive, producing refined pointmaps and camera
parameters in a continuous fashion. This makes it particularly suitable for low-latency
applications such as robotics or AR.

Other approaches focus on grounding geometric prediction across multiple tasks.
VGGT [61] jointly predicts camera parameters, depth maps, point tracks, and per-pixel
3D points in a single transformer-based model, leveraging cross-task synergies to collapse
what would traditionally be a multi-stage pipeline into one feed-forward system. 73 [65] ad-
dresses the common reliance on a fixed reference view by using a permutation-equivariant
architecture that treats input views as an unordered set, improving robustness to input
ordering and enhancing pose, depth, and pointmap accuracy. MapAnything [25] takes a
more generalist approach, unifying multiple reconstruction tasks into a single end-to-end
model capable of multi-image SfM, MVS, monocular metric depth estimation, registra-
tion, and depth completion, with consistent metric outputs. Collectively, these methods
highlight the power of learned geometry priors, temporal consistency, local surface priors,
permutation equivariance, and persistent scene representations—to improve reconstruction
quality while simplifying or even bypassing classical optimization-based pipelines.

2.2.3 4D Reconstruction from Monocular Video

Recent work pushes from static scene recovery toward 4D dynamic reconstruction in monoc-
ular video, often using Gaussian splatting or feed-forward video encoders to represent time-
varying geometry. Mesh4D [21] targets compact, editable 4D mesh sequences by predicting
per-frame deformation fields in a latent space, enabling mesh tracking and animation from
single-view video. DreamScene4D [7] and Dynamic Gaussian Marbles [53] adopt Gaussian
splatting with explicit scene decomposition or simplified Gaussian primitives to improve
dynamic object modeling and novel view synthesis under occlusions. FreeTimeGS [(4],
MoDGS [31], and MoSca [29] further generalize dynamic Gaussian representations by al-
lowing time-varying primitives, depth-prior initialization, or motion-scaffold constraints
to stabilize reconstruction from casual monocular footage. Complementary system com-
ponents such as RoMo [19] improve robustness in dynamic scenes by filtering moving
regions during SfM, while UniK3D [1(] targets camera-agnostic monocular geometry to
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reduce sensitivity to intrinsics. Finally, 4RC [37] compresses an entire video into a spatio-
temporal latent representation that can be queried at arbitrary timestamps, enabling flexi-
ble 4D geometry and motion retrieval. Together, these methods define a fast-growing class
of monocular 4D reconstruction techniques that trade explicit multi-view constraints for
learned priors, temporal regularization, and compact representations.

2.3 Human and Scene Reconstruction

Recent progress in human and scene reconstruction has increasingly emphasized the joint
recovery of dynamic human motion, scene geometry, and camera parameters, motivated
by the need for coherent and physically plausible understanding of human—environment
interaction. Early work, such as Human Structure-from-Motion (HSfM) [39] extends clas-
sical SfM pipelines to articulated humans by incorporating parametric human body models
into multi-view reconstruction. By leveraging human kinematic priors, HSfM resolves scale
ambiguity and improves spatial consistency across humans, scene geometry, and cameras.
However, its reliance on optimization-based pipelines and multi-view imagery limits scal-
ability and applicability to casual monocular videos.

Complementary to video- and multi-view settings, PhySIC [12] targets the challenging
single-image case, aiming to reconstruct metrically accurate SMPL-X humans together
with dense scene surfaces and physically plausible human—scene interactions. By explicitly
handling depth ambiguity, occlusions, and contact consistency, it produces metric-scale
human meshes, dense scene geometry, and vertex-level contact maps from a single monoc-
ular RGB input. While this design enables physically grounded reconstructions without
multi-view inputs, it is limited to static, per-image inference and does not model temporal
motion.

More recent methods aim to unify human and scene reconstruction into a single frame-
work. JOSH [35] represents an optimization-based approach that jointly reconstructs 4D
human motion and dense scene geometry from monocular videos. Its key insight is to
use explicit human-scene contact constraints as a coupling mechanism, allowing human
motion, scene structure, and camera poses to be refined together. This joint optimization
significantly improves reconstruction accuracy in in-the-wild videos, but its performance
depends heavily on the quality of initialization from external human and scene reconstruc-
tion models, and contact visibility is critical for stable optimization.

To address the complexity and fragility of multi-stage optimization pipelines, Hu-
man3R [5] proposes a unified, single-stage feed-forward framework for joint 4D hu-

11



man—scene reconstruction. Built on top of a pretrained 4D reconstruction backbone, Hu-
man3R simultaneously predicts multi-person SMPL-X human meshes, dense scene geom-
etry, and camera trajectories in a global world coordinate system from monocular videos.
By eliminating explicit optimization loops and heavy preprocessing, it achieves real-time
performance and improved robustness on casual, in-the-wild videos, albeit at the cost of
limited appearance modeling and reliance on visible head position for human reconstruc-
tion.

UniSH [31] further advances this direction by explicitly targeting metric-scale, tem-
porally consistent human—scene reconstruction across diverse input modalities, including
monocular videos, multi-view images, and unordered image sets. UniSH combines strong
pretrained human and scene priors, drawing from CameraHMR and Pi3, with a unified
feed-forward architecture and a global alignment module to recover metric-scale reconstruc-
tions. By leveraging joint human-scene reasoning and large-scale in-the-wild training data,
UniSH improves robustness to camera motion and scene complexity, though performance
is usually inferior when compared to optimization-based techniques.

2.4 Human and Scene Interaction

Human—Scene Interaction (HSI) methods explicitly incorporate contact, support, and col-
lision constraints to ensure reconstructed humans respect environmental structure. These
approaches are particularly relevant for global human mesh recovery, where accurate
grounding and physical consistency are critical. Early work in this direction includes
PROX [16], which introduced one of the first frameworks for scene-aware human mesh
optimization. Given a static scene mesh, PROX optimizes SMPL-X parameters to enforce
contact between the body and the environment while penalizing interpenetration via signed
distance fields. This approach demonstrated that leveraging scene geometry significantly
improves global plausibility, particularly for lower-body joints and grounding. CHORE
[67] further extends this idea to dynamic human—object interactions, using implicit neural
fields to reconstruct both humans and objects in 3D from monocular videos, while enforcing
multi-frame consistency and minimizing contact violations.

Other lines of research focus on enriching contact modeling. Methods such as CAPE and
SCAPE+ capture clothing and soft-tissue deformation during body—scene contact, while
BEHAVE datasets [!] introduce real-world recordings of humans interacting with everyday
objects to encourage models that learn grounded, object-aware priors. These datasets have
enabled approaches that jointly estimate human pose, object pose, and support relations,
improving reconstructions in cluttered or occluded environments.
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2.5 Summary

Across human, scene, and joint reconstruction, prior work has made significant advances
in modeling 3D geometry, motion, and physical plausibility. Parametric mesh recovery
approaches, such as SMPL and its derivatives, enable robust single-view and multi-view
reconstruction of human pose and shape. Non-parametric mesh estimators relax these
constraints by directly predicting vertex-level geometry, while recent diffusion-based frame-
works address inherent ambiguity by modeling distributions of plausible 3D poses. Global
human mesh recovery methods further attempt to lift humans into world coordinates us-
ing SLAM or multi-view alignment. However, these approaches generally rely on accurate
camera poses and often struggle to ground humans in metrically consistent environments,
especially in static-camera or monocular scenarios.

Scene reconstruction methods provide complementary advances through feature-based
SLAM, deep geometry priors, and feed-forward models that predict depth, point maps,
and camera parameters. Despite these advances, most systems reconstruct environments
independently of humans, and rarely consider dynamic agents, physical interactions, or
contact relations. Human—Scene Interaction (HSI) methods partially address this gap by
enforcing scene-aware constraints such as contact, support, and collision avoidance. Yet,
these approaches typically assume that the scene geometry is known or sufficiently accurate
and do not consider treating humans as active sources of information for improving scene
reconstruction.

Despite recent progress toward joint human—scene reconstruction, most existing ap-
proaches exhibit limited bidirectional interaction between human and scene representa-
tions. In many feed-forward architectures, human and scene modules are pretrained and
optimized largely independently, with coupling restricted to global alignment variables such
as scale or translation. As a result, human motion does not meaningfully influence the re-
construction of scene geometry, and scene structure does not impose strong geometric or
physical constraints on human pose, articulation, or motion. This decoupled design leads
to joint inference pipelines that are end-to-end in execution but not in representation or
reasoning, limiting their ability to exploit human—scene priors such as contact, support,
collision, and affordance cues.

This highlights a critical limitation in the literature: humans are rarely treated as ac-
tive contributors to reconstructing the environment, and scenes are rarely used to metrically
ground human motion in a unified world frame. In real-world scenarios, human kinematics,
contact events, and motion patterns provide strong cues about scene geometry, and con-
versely, the scene provides essential metric context for human motion, particularly when
visual data is sparse, noisy, or ambiguous.
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Figure 2.1: Ground penetration artifacts in existing reconstructions (three samples). This
highlights the lack of reliable contact and support constraints between humans and scenes.

This motivates a unified Human—-Scene—Camera Reconstruction (HSR)
paradigm, in which humans, scenes, and cameras are estimated jointly within a single,
metrically consistent world frame. By leveraging human motion to infer uncertain aspects
of the environment and simultaneously using scene and camera geometry to ground hu-
mans in metric coordinates, the proposed framework enables bidirectional reasoning and
full 4D world reconstruction. Such integration is critical for robust, physically plausi-
ble reconstruction in everyday, human-centered environments and forms the foundation
for applications in robotics, AR/VR, autonomous navigation, and immersive media. Fig-
ure 2.1-2.3 illustrates representative failure cases that motivate this direction.
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Figure 2.2: Sparse scene reconstruction even when multiple input views are available,
indicating weak geometric consistency and incomplete scene recovery.

Figure 2.3: Floating humans and incorrect scale/translation relative to the scene, under-
scoring the need for metric grounding and joint optimization.
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Chapter 3

Proposed Research

3.1 Overview

This chapter details the proposed research framework for unified 4D world reconstruction,
with a focus on jointly reconstructing the global scene, human, and the camera systems
in a shared grounded world coordinate frame. Unlike prior methods that treat these com-
ponents independently or in a loosely coupled manner, the proposed approach formulates
world reconstruction as a single integrated problem, where each component both constrains
and informs the others.

Figure 3.1 illustrates the overarching architecture of the proposed unified human-scene-
camera reconstruction system. The core hypothesis underlying this research is that hu-
mans, scenes, and cameras are mutually informative. Human kinematics and anthropo-
metric regularities provide strong metric and geometric cues for resolving ambiguities in
scene reconstruction and camera alignment. Conversely, reconstructed scene geometry
and physical structure impose essential constraints on plausible human pose, motion, and
placement. Camera parameters and trajectories serve as the connective tissue that binds
these components into a consistent global model.
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Figure 3.1: Overview of the human-scene-camera reconstruction model

3.2 Unified Human-Scene-Camera Reconstruction

3.2.1 Human Reconstruction

Human reconstruction focuses on recovering consistent, metrically meaningful 3D human
pose and shape of all the humans in the frame, given a single video. The proposed approach

builds on top of a very strong pretrained encoder [11] as the backbone representation.

Specifically, the human reconstruction module leverages a vision transformer encoder
trained to extract pose-aware, perspective-sensitive image features.
utilizes three MLP heads to output the root-relative parametric human body parameters

and camera-relative global translation.

This module is not aimed at producing the final world-aligned human trajectories; it
provides a strong but local initialization that is subsequently refined using scene context
and global constraints.
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3.2.2 Scene Reconstruction

Scene reconstruction aims to provide a strong initialization of scene geometry and camera
motion cues that can be refined jointly with humans. We plan to use the CUT3R encoder
[62] as the primary source of scene features, and to maintain a model state across time,
rather than treating each frame independently. Intuitively, the state acts as a persistent
memory of the scene that can be updated as new frames arrive.

Concretely, at timestep t, the CUT3R encoder produces (i) per-frame scene to-
kens/features and (ii) a state representation s;. A lightweight transition module then
predicts the next state s,y 1, which is passed forward to the subsequent timestep and used
to condition the next encoding pass. This design provides temporally coherent scene fea-
tures and supports incremental refinement under occlusions, motion blur, or rapid camera
motion.

3.2.3 World Latent Fusion and State Propagation

To couple humans, scene, and camera in a unified coordinate frame, we introduce a shared
world latent representation that serves as the central fusion space for cross-modal reasoning.
At each timestep, scene tokens (from the CUT3R encoder and its propagated state) and
human tokens (from the MultiHMR-style human encoder) cross-attend with the world
latent, enabling bidirectional information exchange between modalities.

The world latent is intended to: (1) aggregate temporally consistent scene context
via the propagated CUT3R state; (2) integrate human-centric cues that help resolve depth
and scale ambiguities; and (3) support downstream prediction heads for globally consistent
quantities such as world-frame human translations and camera alignment. While the exact
parameterization of the world latent remains an open design choice, the key requirement is
that it provides a shared space where human and scene embeddings are fused and updated
recurrently over time.

3.2.4 Human-Scene Prior Modeling

A key novelty of the proposed research lies in modeling human—scene priors as a mechanism
for metric grounding and physical plausibility. In our formulation, these priors are not
provided as direct inputs to the encoder; instead, they act as implicit reqularizers that
shape the fused world latent and the final predictions through dedicated loss terms and
consistency constraints. Humans are treated as informative agents whose kinematics and
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anthropometry provide strong cues about the surrounding environment. The framework
incorporates human-centric priors in several forms.

Anthropometric Attributes. First, n random images are used to extract the human
crops and feed them into a gender and age prediction model [28] to get the demographic
attributes. These attributes are then mapped to statistically grounded height distributions
derived from population-level anthropometric data. The resulting height estimates serve
as soft metric constraints that anchor both human scale and scene scale in the world frame.

Gravity-aligned body orientation. Global body orientation is used to infer a gravity-
aligned reference direction. This prior provides a consistent notion of verticality across time
and views, reducing ambiguity in both human pose orientation and scene alignment. Rather
than being enforced as a hard constraint, gravity alignment is introduced as a regularization
term that encourages physically plausible orientations while allowing flexibility under noisy
observations.

Ground contact relationships. To further improve physical plausibility and metric
consistency, the framework incorporates weak ground contact priors between reconstructed
humans and the scene geometry. The mesh vertices are encouraged to remain close to
locally supporting surfaces. To modulate these constraints, we train a learned body-centric
contact prior inspired by POSA [17], which operates on human body vertices expressed in
a gravity-aligned coordinate frame. This prior produces probabilistic per-vertex contact
likelihoods and coarse semantic contact types. Importantly, these contact relationships are
modeled probabilistically and do not assume explicit force estimation, rigid ground planes,
or known scene geometry, allowing contact to emerge naturally during joint human-scene-
camera alignment.

3.3 Training Objective

During training, we provide the model with a sequence of N observations (e.g., consecutive
video frames or a small image collection). When metric-scale 3D supervision is available for
the scene, we optionally replace some image inputs with raymap-style geometric queries
(excluding the first view) so that the scene branch learns to predict metric pointmaps;
when the supervision scale is unknown, raymap querying is disabled to avoid introducing
inconsistent scale.

Scene geometry losses. Following confidence-aware pointmap regression used in re-
cent dense reconstruction methods, we supervise predicted pointmaps with a confidence-
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weighted regression objective [30]:

N
Leonf = Z Z (Ct,i Hi:tz - Cl?t,z‘HQ —alog Ct,i)y (3.1)
t=1 i

where @;; and x;; denote predicted and target 3D points (after the appropriate scale
normalization), and ¢, is the predicted confidence. When metric ground truth is available,
we tie the normalization factors so the network can learn absolute scale. We additionally
supervise camera pose (e.g., rotation and translation) with an ¢, loss,

Lyore = 3 (lld = alla + 17 = 7ill2) (3:2)

t=1

and, when raymap inputs provide RGB targets, we apply an MSE color loss L, = Hf —1I|3.

Human losses. The human branch is trained end-to-end with (i) a detec-
tion/classification loss for person presence on the feature grid (binary cross-entropy), and
(ii) regression losses for predicted body model parameters and depth/translation (typically
¢1). When mesh supervision is available, we also include a mesh-space loss and a repro-
jection loss that penalizes disagreement between projected predicted meshes and image
evidence.

Joint world losses and regularization. The fused world latent is trained with cross-
component consistency terms that encourage agreement between humans, scenes, and cam-
eras. Concretely, we add regularizers for (i) metric consistency (e.g., scale/height align-
ment), (ii) gravity alignment of global orientation, and (iii) physically plausible human—
scene interaction via contact and non-penetration. These priors are implemented as loss
terms acting on the world-latent outputs, rather than as direct network inputs.

Overall, the full objective is a weighted sum
L= )\scene £conf + /\pose ‘Cpose + /\rgb *Crgb + )\human £human + )\prior £priora (33)

where Lpuman aggregates detection, parameter/mesh, and reprojection losses, and Lo
aggregates the implicit regularization priors.
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candidate clips, then perform semantic verification with a VLM to validate split points
and identify subatomic actions, and accept high-quality segments for training

3.4 Internet-Scale Dataset Curation

Scalability and data requirements. A central goal of this thesis is to move toward
world reconstruction models that can learn from large-scale, in-the-wild Internet video,
with minimal manual annotation. While early experiments may focus on domains with
visually clear motion (e.g., dance videos where the subject remains the primary focus),
this choice serves as a proof-of-concept rather than a restriction. The proposed frame-
work requires only monocular videos with a visible human subject and sufficient temporal
continuity; it does not assume laboratory capture, calibrated cameras, or motion-capture
systems, enabling direct scaling to broader web video sources.

Automated filtering pipeline. To obtain training clips with reliable temporal and
geometric structure, we adopt a multi-stage automated pipeline as illustrated in Figure
3.4. First, to mitigate scene transitions and montages common in raw web videos, we
enforce strict temporal continuity by detecting shot boundaries (PySceneDetect [17]) and
discarding sequences with discontinuities. Second, we isolate sequences to a maximum
5 person scene using a person detector [13], keeping clips less cluttered and consistently
detected. Third, we enforce a spatial prominence constraint (e.g., average bounding-box
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height exceeding a fixed fraction of the image height) to ensure sufficient resolution for
human reconstruction. Finally, we remove sequences with truncation at image borders
and discard clips with significant overlap between the primary subject and other detected
boxes, reducing the prevalence of severe occlusion.

Semantic verification with video-language models. In practice, purely geometric
filtering can be noisy at scale: shot-boundary detectors may over-segment fast camera
motion or lighting changes, and person detection does not guarantee that the retained clip
depicts a coherent action segment useful for learning world dynamics. To improve dataset
quality, we introduce an additional semantic validation stage using a video-language model
(Gemini [8]). Given each candidate clip and its proposed split points, the model is used
to (i) verify that a detected boundary corresponds to a true semantic transition (rather
than a false positive), and (ii) identify the subatomic action occurring within each retained
segment (e.g., “pitching windup”, “jump landing”, “turn”, “sit-to-stand”).

Action cross-verification and acceptance rules. The predicted subatomic action la-
bels are then cross-verified by an LLM [59] against a curated action dictionary/database
(with canonical names and synonyms). Only segments whose action label maps cleanly to
an allowed action class are admitted into the training set; segments that are ambiguous,
off-topic, or inconsistent with the action taxonomy are excluded. This two-stage seman-
tic gating (video-language verification + LLM dictionary matching) provides an explicit
mechanism for scaling dataset curation while controlling noise, and aligns the training dis-
tribution with the motion and interaction primitives needed for learning a controllable,
in-the-wild 4D world model.
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Chapter 4

Progress to date

This chapter summarizes preliminary experiments and system components developed in
support of the proposed unified world reconstruction framework. While the full joint
optimization is ongoing, the results presented here demonstrate feasibility, highlight key
challenges, and motivate the design choices described in Chapter 3.

4.1 Domain-Robust Human Reconstruction

To address severe motion blur, self-occlusion, and visual degradation prevalent in broadcast
sports footage, we developed a domain-robust 3D human pose estimation system that serves
as a strong initialization for downstream world reconstruction. The system is designed
to prioritize robustness under adverse visual conditions rather than general-purpose pose
accuracy.

Transformer Backbone. The core visual representation is obtained using a transformer-
based image backbone that produces a compact, global feature vector for each input frame.
Given an input image I; at time ¢, the backbone extracts a feature embedding

f,=®(l,), f R, (4.1)

where ®(-) denotes the pretrained vision transformer and D is the feature dimensionality
(1280 in our implementation). The backbone is initialized from a large-scale pretrained hu-
man motion and reconstruction model [14], providing strong priors over human appearance
and articulation.
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The extracted feature f; captures global context and pose-relevant visual cues and serves
as the sole visual input to the temporal pose head. No temporal information is modeled
at this stage; each frame is processed independently by the backbone.

Previous Pose Encoding. At time step ¢, the model receives the predicted 3D pose from
the previous frame,
P, ; € R (4.2)

where J is the number of joints. The pose is flattened and embedded using a lightweight
multilayer perceptron:
e 1 = Y(vec(P,_1)), e € R¥% (4.3)

where 9(-) denotes the pose encoder MLP. This embedding provides an explicit geometric
prior, allowing the network to condition on the most recent pose configuration without
directly exposing raw joint coordinates to the temporal module. For the first frame of a
sequence, P;_; is initialized to zeros.

Feature Fusion. The visual feature f; and the pose embedding e, ; are concatenated and
projected into a unified latent space via a fusion MLP:

xe =0 ([flec]), x € R, (4.4)

where ¢(-) denotes the feature fusion network and H is the hidden dimensionality. This
fused representation forms the sole explicit input to the recurrent module.

Recurrent Temporal Modeling. Temporal dynamics are modeled using a gated re-
current unit (GRU) operating in a single-step, online fashion. At each frame, the GRU
updates its hidden state according to

ht = GRU(Xt, htfl), (45)
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where h;_; is the hidden state carried over from the previous timestep. The hidden state
implicitly encodes motion trends, velocity, and longer-term temporal context accumulated
over past frames. No explicit pose sequence is provided to the GRU; all temporal informa-
tion is conveyed through the recurrent hidden state.

Pose Decoder. The GRU output h; is decoded into the current 3D pose prediction using
a final MLP:
P; =6(hy), P, R (4.6)

where §(-) denotes the pose decoder. The predicted pose is fed back as input to the next
timestep, forming a recurrent feedback loop across frames.

While the current system is trained on baseball footage, it serves as a proof-of-concept
for domain-robust human reconstruction under extreme visual conditions. This architec-
ture will be extended toward broader domains through data diversification and integration
with scene-level constraints, allowing the human reconstruction module to generalize be-
yond sports-specific motion patterns.

4.2 Human-Scene Context Priors

4.2.1 Anthropometric Attributes

As an initial step toward explicit human-scene prior modeling, we implemented and val-
idated a demographic-based anthropometric prior that provides coarse metric grounding
for reconstructed humans. This component corresponds to the first module outlined in the
proposed human-scene prior framework.

Demographic Estimation. Given an input image sequence, we first extract human-
centric crops using the detected bounding boxes. For each subject, we apply a pretrained
age and gender estimation model (MiVOLO [28]) to predict demographic attributes. Given
a crop I"™™a% the model produces estimates

(a,9) = MiVOLO(I™™mam), (4.7)

where a denotes the predicted age and ¢ denotes the predicted gender, accompanied by
a confidence score. When multiple frames are available for a given video, predictions are
aggregated across a random subset of n frames to reduce per-frame noise and obtain a
stable demographic estimate.
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Anthropometric Height Prior. The estimated age and gender are then mapped to
a statistically grounded height distribution derived from population-level anthropometric
data. Rather than predicting a single deterministic height, we model human stature as a
Gaussian random variable

H ~ N (jie, 02), (4.8)

where the mean p. and standard deviation o. are selected based on the demographic
category c inferred from (a, ). Specifically, we use the following categories:

e Baby (a < 3): £ =10.801 m, 0 =0.126 m

o Kid (3<a<8): p=1122m,0=012m

e Teen (8 <a < 15): u=1.477m, o0 =0.156 m

e Adult Female (a > 15, confident female): p = 1.647 m, o = 0.0707 m
e Adult Male (G > 15, confident male): u = 1.784 m, o = 0.0759 m

e Neutral Adult (¢ > 15, uncertain gender): g = 1.715 m, o = 0.10 m

When gender confidence is low, we default to the neutral adult distribution to avoid
overconfident or biased metric assumptions. The resulting height distribution is not en-
forced as a hard constraint. Instead, it is intended to serve as a soft metric prior that
anchors human scale and, by extension, scene scale in the world frame. In practice, this
prior will be incorporated as a regularization term that penalizes large deviations between
the reconstructed human height H and the demographic prior:

H — p1,)?
£height = # (49)

O¢

4.2.2 Analysis of Demographic-Based Height Priors

To assess whether the proposed demographic-based anthropometric prior provides mean-
ingful and non-degenerate metric information, we analyze the height distributions inferred
from a real-world sports video. Specifically, we apply the age and gender estimation pipeline
to 557 human instances extracted from a boxing tournament video and assign each subject
a demographic-conditioned height distribution as described in Section 4.2.1.

Height Distribution with Gaussian Priors. Figure 4.2.2(a) shows a histogram of the
assigned mean heights across all subjects, with overlaid Gaussian distributions correspond-
ing to each demographic category. The histogram is weighted by the number of samples
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per group. The resulting distribution exhibits clear clustering around biologically plau-
sible values. Notably, adult male subjects peak around 1.78 m and adult female subjects
around 1.65m, closely matching established population-level anthropometric statistics [10].
Dashed vertical lines indicate the mean height p. for each demographic group, highlighting
the separation between categories.

Category-Wise Prior Comparison. Figure 4.2.2(b) presents a category-wise compar-
ison of the height priors, where bar heights correspond to the demographic means p. and
error bars denote one standard deviation (fo.). Sample counts (n) are reported for each
category to ensure transparency and reproducibility. Adult categories exhibit limited over-
lap in their uncertainty ranges, with a statistically meaningful separation between adult
male and adult female priors of approximately 13 cm, aligning with global anthropometric
measurements [, 10].

Observations and Limitations. Empirically, this demographic-based prior provides
reasonable coarse-scale estimates that are often sufficient to disambiguate global scale in
monocular or weakly constrained settings. However, its accuracy is limited by errors in
age and gender prediction, intra-class variance in human stature, and dataset bias. As
such, this prior is not intended to fully resolve metric ambiguity on its own, but rather to
provide an informative initialization and regularization signal.

4.2.3 Ground Contact Relationships: Progress

As a step toward modeling human—scene contact priors, we integrate a contact prediction
module based on POSA, which operates on SMPL-X body meshes expressed in a gravity-
aligned coordinate frame. Since the upstream human reconstruction model (SAM3D)
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produces body meshes in the MHR representation, an intermediate conversion from MHR
to SMPL-X is required to interface with POSA.

MHR to SMPL-X Conversion. We employ the official MHR—SMPL-X conversion
pipeline, which performs a geometry-consistent transfer of pose and shape using precom-
puted barycentric surface correspondences. Given MHR vertices VMHR ¢ RI8439X3 5pq
camera translation, the conversion proceeds as follows: (i) MHR vertices are mapped to
the SMPL-X surface topology via barycentric interpolation, producing target SMPL-X
vertices, (ii) SMPL-X parameters (global orientation, body pose, shape coefficients, and
translation) are optimized to reproduce these target vertices.

This conversion is solved via iterative optimization rather than a feedforward network.
The full procedure consists of a coarse fitting stage followed by fine-grained refinement,
totaling approximately 300 optimization iterations. Each iteration involves a SMPL-X
forward pass, vertex-level loss computation, backpropagation, and parameter updates.

Accuracy of the Conversion. The reported reconstruction error of approximately
0.008 cm measures the discrepancy between the target SMPL-X vertices obtained via
barycentric surface mapping and the vertices produced by the optimized SMPL-X pa-
rameters. Importantly, this metric reflects the quality of the SMPL-X parameter fitting
and does not measure direct MHR-to-SMPL-X vertex error, which would be ill-defined
due to the differing mesh topologies.

A regional error analysis indicates that the barycentric surface mapping itself is highly
accurate (mean error ~0.32cm), while most residual error arises from the limited expres-
siveness of the SMPL-X parametric model. The largest discrepancies occur in the head
and facial regions, where MHR contains higher-resolution geometry. In contrast, the torso,
limbs, and hands exhibit mean errors of approximately 1.3 cm, which is well within accept-
able bounds for contact reasoning.
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Figure 4.4: Overview of ground contact prediction and mapping. Contact probabilities are
predicted on the SMPL-X mesh (highlighted in gold) using POSA and subsequently trans-
ferred back to the original MHR mesh via barycentric surface correspondence, preserving
the original pose (contact highlighted in red).

Contact Prediction and Mapping Back to MHR. POSA predicts per-vertex contact
probabilities on the SMPL-X mesh (10,475 vertices). To preserve the original MHR pose
produced by SAM3D and avoid propagating SMPL-X conversion artifacts downstream, we
map the predicted contact probabilities back to the MHR mesh using the same precom-
puted barycentric surface correspondence.

Specifically, for each MHR vertex, the correspondence provides the associated SMPL-X
triangle and barycentric weights. Contact values are transferred via barycentric interpola-
tion of the contact probabilities at the triangle’s vertices. This produces a dense per-vertex
contact field on the original MHR mesh without modifying its geometry or pose.

As a result, the SMPL-X conversion only influences how POSA infers contact likeli-
hoods, while all subsequent processing operates directly on the original MHR representa-
tion. This design ensures that conversion inaccuracies do not propagate into downstream
pose, geometry, or scene alignment components.

Computational Cost and Limitations. The primary limitation of the current approach
is computational efficiency. The MHR—SMPL-X conversion requires approximately 4.2
seconds per image due to iterative optimization, dominating the overall runtime. Addition-
ally, while the conversion preserves pose faithfully at a coarse level, small discrepancies are
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introduced due to the restricted expressiveness of the SMPL-X parameterization. These
limitations motivate learning an end-to-end, feedforward contact prediction model that
operates directly on MHR representations, eliminating the need for SMPL-X conversion.
Such a model would enable faster inference and tighter geometric consistency while retain-
ing the benefits of learned human—scene contact priors.

4.3 Evaluation on Benchmarks

Camera-Space Human Reconstruction

We first examine camera-space human reconstruction methods, which recover articu-
lated human pose and shape relative to the camera coordinate system without explicit
world grounding. Representative state-of-the-art approaches include HMR2.0 [14], To-
kenHMR [10], and CameraHMR [11]. These methods are evaluated using standard recon-
struction metrics such as PA-MPJPE, MPJPE, and PVE on datasets including 3DPW [60],
EMDB [24], and SPEC-SYN [26].

As shown in prior work (Table 4.3), modern camera-space models achieve strong recon-
struction accuracy across datasets, with TokenHMR and HMR2.0 consistently improving
over earlier baselines through better temporal modeling and transformer-based represen-
tations. These results demonstrate that camera-space human reconstruction is largely a
solved problem under moderate visual conditions.

However, despite strong quantitative performance, camera-space methods remain fun-
damentally ambiguous with respect to global scale, orientation, and placement in the world.
Reconstructions are only defined up to a similarity transform, and errors in camera estima-
tion or depth ambiguity directly propagate to downstream tasks. In addition, performance
degrades in challenging real-world scenarios such as broadcast footage with severe mo-
tion blur, self-occlusion, and limited viewpoint diversity. These limitations motivate the
need for additional temporal, contextual, and scene-level constraints beyond camera-space
reconstruction alone.

Global-Space Human Reconstruction
We next consider world-space human reconstruction methods, which aim to recover met-

rically grounded human motion trajectories in a shared global coordinate frame. Repre-
sentative approaches include GVHMR [51], TRAM [66], and WHAM [52]. These methods
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Table 4.1: Camera-space human reconstruction performance on standard bench-
marks. We report PA-MPJPE, MPJPE, and PVE on 3DPW [60], EMDB [24], and SPEC-

SYN [26], as reported in prior work. These methods reconstruct human pose and shape
relative to the camera coordinate frame without explicit world grounding.

| 3DPW EMDB SPEC-SYN
Method | PAAMPJPE, MPJPE| PVE| | PA-MPJPE, MPJPE| PVE||PA-MPJPE, MPJPE| PVEl|
HMR2.0 [11] 44.4 69.8 822 61.5 97.8  120.0 55.8 133.3  153.0
TokenHMR [10] 43.8 705  86.0 49.8 88.1  104.2 51.8 1105 127.6
CameraHMR [11] 40.0 623 748 45.4 827  97.0 31.8 58.9  70.0

Table 4.2: World-space human reconstruction performance on global motion
benchmarks. We report world-grounded metrics on RICH [20] and EMDB-2 [24], includ-
ing WA-MPJPE;oy, W-MPJPE;q, relative trajectory error (RTE), temporal jitter, and
foot-sliding. Lower values indicate better global consistency and physical plausibility.

| RICH EMDB-2
Method | WA-MPJPE10o | W-MPJPEigo | RTE{ Jitter| Foot-Sliding] | WA-MPJPE100 | W-MPJPE1g0 | RTE( Jitter] Foot-Sliding|
GVHMR [51] 129.4 236.2 3.8 497 18.1 280.8 726.6 114 463 20.7
TRAM [66] 238.1 925.4 610.4 1578.6 230.7 529.0 1702.3 17.7  2987.6 370.7
WHAM [52] 109.9 184.6 41 19.7 3.3 135.6 354.8 6.0 225 4.4

integrate human pose estimation with camera motion estimation and temporal reasoning
to produce globally consistent reconstructions.

Global evaluation metrics, such as WA-MPJPE o, W-MPJPE;q, relative trajectory
error (RTE), temporal jitter, and foot-sliding, are reported on datasets including RICH [20]
and EMDB-2 [21]. As shown in Table 4.2, recent methods substantially reduce global pose
error and temporal artifacts compared to naive combinations of camera tracking and per-
frame pose estimation.

4.3.1 Observations and Failure Modes

Despite these advances, world-space methods typically rely on strong assumptions about
camera motion or pre-segmented static scenes. Performance degrades in settings with static
cameras, dominant dynamic humans, or unreliable camera motion estimates—conditions
commonly encountered in broadcast video. Moreover, most approaches treat scene geom-
etry implicitly or ignore it altogether, limiting their ability to enforce physically plausible
human-scene interactions.

These observations highlight that while world-space human reconstruction has made
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Table 4.3: Global human-scene reconstruction performance on EMDB-2 [24]
and RICH [20]. We report world-grounded motion metrics including WA-MPJPE; o,
W-MPJPE,, and relative trajectory error (RTE). Opt. Free indicates feed-forward

inference, while Scene denotes explicit scene reconstruction.
Method ‘ Opt. Free ‘ Scene ‘ EMDB-2 ‘ RICH

\ \ | WA-MPJPE | W-MPJPE | RTE(%) | | WA-MPJPE | W-MPJPE | RTE(%) |

TRAM [66] X X 76.4 222.4 14 127.8 238.0 6.0
WHAM [57] v X 135.6 334.8 6.0 108.4 190.1 4.5
GVHMR [51] v X 111.0 276.5 2.0 78.8 126.3 2.4
JOSH [37] X v 68.9 174.7 1.3 89.0 1325 3.0
JOSH3R [37] X v 220.0 661.7 13.1 - - -
UniSH [31] v v 1185 270.1 5.8 118.1 183.2 4.8
Human3R [31] v v 112.2 267.9 2.2 110.0 184.9 3.3

significant progress, robust global alignment in unconstrained environments remains chal-
lenging without explicit modeling of scene geometry and human—scene priors.

4.4 Human-Scene-Camera Reconstruction

4.4.1 Evaluation on Existing Benchmarks

We evaluate recent human-—scene reconstruction approaches on global motion estimation
with scene awareness. Table 4.3 evaluates global human-scene reconstruction methods on
EMDB-2 [21] and RICH [20] using world-grounded motion metrics. Optimization-based
approaches such as JOSH [35], which jointly refine human motion and scene structure
through iterative inference, achieve the strongest global accuracy and temporal consistency.
This highlights the effectiveness of explicit optimization for enforcing long-range constraints
and resolving metric ambiguities.

4.4.2 Computational Efficiency Benchmark

We report a lightweight computational benchmark comparing representative feed-forward
human-scene reconstruction models. Inference was performed on a monocular video con-
sisting of 60 frames at a resolution of 512x288. We measure model throughput in frames per
second (FPS), approximate floating-point operations (FLOPSs) per frame, and parameter
counts to highlight trade-offs between reconstruction fidelity and computational efficiency.
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Table 4.4: Computational efficiency comparison for human—scene reconstruction models.
Inference was performed on a 60-frame monocular video at 512 x 288 resolution.

Method FPS FLOPs / Frame Total Params Trainable Params

PROX - ~2.67 TFLOPs 15.73B 3.83B
HSIM - ~0.84 TFLOPs 2.98B 2.98B
Human3R  8.36 ~1.20 TFLOPs 1.17B 531M
UniSH 29.94  ~1.51 TFLOPs 1.64B -

4.4.3 Observations and Failure Modes

Feed-forward methods such as GVHMR [51], TRAM [66], WHAM [52], and UniSH [31]
trade some global accuracy for improved efficiency, robustness, and scalability. Notably,
UniSH represents a unified feed-forward formulation that explicitly incorporates scene re-
construction alongside human motion, narrowing the performance gap to optimization-
based methods while maintaining fast inference. These results suggest that while iterative
optimization remains advantageous for global alignment, a unified feed-forward formula-
tion provides a strong and practical foundation. Motivated by this observation, the proposed
research builds on a unified feed-forward framework and aims to further close the gap to
optimization-based approaches through joint human-scene-camera alignment and physically
grounded priors.
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Chapter 5

Conclusion

5.1 Proposed Contributions

This work advances the state of the art in 4D world reconstruction by introducing a unified
framework that jointly recovers humans, scenes, and cameras in metric space. The main
contributions are as follows:

1. Unified Human—Scene—Camera Reconstruction formulation. We formalize
4D world reconstruction as a single coupled inference problem in which humans,
scenes, and cameras are estimated jointly, enabling bidirectional reasoning: humans
provide constraints and cues for scene geometry and scale, while scenes and cameras
provide metric grounding and physical constraints for human motion.

2. World-latent fusion for cross-modal reasoning. We propose a shared world
latent representation that acts as the central fusion space for human and scene em-
beddings. Instead of treating cross-attention as a single isolated module, the world
latent is updated recurrently over time via bidirectional interaction with both (i)
scene tokens and propagated scene state and (ii) human tokens, producing globally
consistent world-frame estimates.

3. Strong pretrained priors for scene and human initialization. We leverage
strong pretrained representations to initialize both scene and human estimates: a
stateful scene encoder provides dense scene features with temporal state propagation
(predicting and passing forward the next state to condition subsequent frames), while
a human encoder produces compact human embeddings and an initial parametric
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body estimate. These initializations are not treated as final outputs; instead, they
are refined through interaction with the shared world latent to improve robustness
under occlusions, fast motion, and view changes.

4. Implicit human—scene priors as regularization. We incorporate human-centric
priors, including gravity alignment, probabilistic contact consistency, and anthropo-
metric height constraints, as implicit reqularizers in the end-to-end objective. These
priors are not direct network inputs; instead, they shape the learned world representa-
tion and predictions through dedicated loss terms that encourage metric consistency
and physically plausible human—scene interaction.

5. Toward fully controllable, in-the-wild video-based 4D world reconstruc-
tion. Building on the proposed HSR model, the long-term goal is a fully controllable
4D world representation learned from in-the-wild monocular videos (including large-
scale Internet video), analogous to how modern foundation models in NLP leverage
web-scale corpora. Such a controllable world model should support simulation and
data generation, including novel-view rendering, editable camera trajectories, and
physically consistent human—scene interaction, enabling scalable synthetic data gen-
eration, training embodied policies, and closed-loop evaluation.

5.2 Research Timeline

Table 5.1: Proposed PhD Research Timeline

Term Planned Progress and Milestones

Fall 2024 e Completed two graduate courses on (i) Generative Al and
LLMs; (ii) Deep Reinforcement Learning

Winter 2025 e Completed coursework in Modern Computer Vision

e Published three research papers on (i) Synthetic in-the-wild
3D data generation; (ii) Multi-player detection and tracking;
and (iii) Puck detection and trajectory estimation

Continued on next page
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Term

Planned Progress and Milestones

Summer 2025

In-person research with collaborators (Baltimore Orioles)

Fall 2025

Resolved data synchronization issues in high-resolution base-
ball videos with broadcast ground truth

Enhanced biomechanical modeling (e.g., extreme shoulder
external rotation, bone kinematics inconsistencies)

Winter 2026

Take Comprehensive Examination

3 papers submitted and accepted into CVPRW on (i) Injury-
Risk Screening from monocular videos; (ii) Pre-Release Base-
ball Pitch Type Anticipation; and (iii) Synthetic domain-
specific 4D human generation

Summer 2026

Prepare WACV submission on human—scene reconstruction

Fall 2026

Prepare CVPR submission on unified human-scene-camera
reconstruction with context priors (core PhD contribution)

Winter 2027

Develop a video-aware 4D world reconstruction framework
extending bidirectional human-scene reconstruction

Summer 2027

Build a full navigable 4D world simulation from monocu-
lar video enabling novel-view synthesis, free virtual camera
control, dynamic relighting, and basic physical interaction

Fall 2027

Complete thesis writing and revisions

Defend PhD and submitted final dissertation
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Appendix A

Supplementary Materials

A.1 Existing Benchmarked Datasets

A.2 EMBD

EMBD [21], standing for Electromagnetic DataBase of Global 3D Human Pose and Shape
in the Wild. It comprises 105,000 frames, equivalent to 58 minutes of challenging 3D human
motion recorded in diverse scenes. The dataset includes high-quality pose annotations
using SMPL parameters, shape annotations, global body root trajectories, and camera
trajectories. It encompasses 81 sequences distributed across 10 participants (5 males and
5 females), with videos captured using a hand-held mobile phone.

In terms of scene geometry and 3D scene representation, EMBD includes camera mo-
tion but does not offer explicit scene depths or groundtruth scene geometry. This limitation
implies that it cannot directly support scene geometry learning without additional process-
ing or augmentation from external sources. The groundtruth quality is achieved through
a capture method employing body-worn, wireless electromagnetic (EM) sensors combined
with a hand-held iPhone, resulting in an expected accuracy of 2.3 cm positional error and
10.6 degrees angular error, which surpasses previous in-the-wild datasets.

Primarily, EMBD is designed to support accurate 3D human pose and shape estimation
in unconstrained environments, including global body and camera tracking. However, it
is not intended for scene reconstruction, as it lacks 3D geometry as part of the dataset.
This dataset is utilized in models such as JOSH [35] for enhancing global pose estimation
capabilities.

45



A.2.1 EMDB-2

EMDB-2 serves as a specialized 25-sequence subset of the original EMBD dataset, specifi-
cally curated for global human motion evaluation. It inherits the core attributes of EMBD,
focusing on high-quality 3D SMPL pose and shape parameters with global trajectories.
This subset is employed in models like UniSH [31] and Human3R [5] to assess the accuracy
of global human motion estimation, providing a targeted benchmark for evaluating how
well algorithms handle extended motion sequences in diverse settings.

A.2.2 EMDB-1

EMDB-1 is another subset of EMBD, with a primary emphasis on local motion and camera-
relative reconstruction. It complements EMDB-2 by shifting the focus to per-frame pre-
dictions of human body pose and shape. This subset is particularly used in Human3R
[0] to evaluate algorithm performance in reconstructing human poses and shapes on a
frame-by-frame basis, offering a balanced counterpart to the global-oriented EMDB-2.

A.3 SLOPER4D

SLOPERA4D [9] is a novel scene-aware dataset collected in large urban environments, aimed
at facilitating research on global human pose estimation with human-scene interactions in
the wild. The dataset records activities from 12 human subjects across 10 diverse urban
scenes, consisting of 15 sequences with trajectory lengths exceeding 200 meters and up to
1,300 meters. It includes over 100,000 LiDAR frames, 300,000 video frames, and 500,000
IMU-based motion frames.

The modality and content involve data retrieved via a head-mounted device integrated
with LiDAR and a camera. Frame-wise annotations encompass 2D keypoints, 3D pose
parameters, and global translations, accompanied by reconstructed scene point clouds.
SLOPERA4D provides rich annotations and reconstructed 3D scene meshes, offering multi-
modal spatial context through LiDAR point clouds, RGB videos with 2D /3D annotations,
accurate global human pose annotations, and the reconstructed scene.

Regarding scene geometry and 3D scene representation, SLOPERA4D features explicit
scene geometry as an integral part, making it highly useful for training scene-aware models.
The groundtruth quality is enhanced by a joint optimization method that fits local SMPL
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meshes to the scene and fine-tunes camera calibration, resulting in plausible and scene-
natural 3D human poses. This suggests a sophisticated processing pipeline beyond raw
capture, optimizing pose and camera calibration frame by frame for consistency and quality.

Primarily, SLOPERA4D focuses on human pose and scene interaction, designed for global
human pose estimation with scene context rather than solely human reconstruction. It can
support human-scene reconstruction in terms of globally consistent 3D humans within real
3D scenes (with proper interactions), but it is not optimized for full scene reconstruction,
as scene geometry is provided as contextual LiDAR reconstruction rather than a learning
target. This dataset is used in JOSH [35] for advancing scene-aware pose estimation.

A.4 RICH

RICH [20], which stands for Real Scenes, Interaction, Contact, and Humans. It includes
multiview outdoor and indoor video sequences at 4K resolution, groundtruth 3D human
bodies captured using markerless motion capture, 3D body scans, and high-resolution 3D
scene scans. In total, it comprises 142 single or multi-person multiview videos, with 90,000
posed 3D body meshes, 90,000 dense full-body contact labels in both SMPL-X and SMPL
mesh topologies, and 577,000 4K images.

The modality and content feature high-resolution multiview images of single or multiple
subjects interacting with scanned 3D scenes, dense full-body scene-contact labels, high-
quality outdoor/indoor scene scans, high-quality 3D human shapes and poses, and dynamic
backgrounds with moving cameras. It also provides accurate vertex-level contact labels on

the body.

For scene geometry and 3D scene representation, RICH offers explicit scene geometry
through high-resolution 3D scene scans that enable dense body-scene contact annotation,
including vertex-level contact data that relies on accurate 3D scene geometry and human
mesh information. The groundtruth quality is derived from markerless motion capture in
multiview setups, effectively resolving occlusions to produce better-reconstructed bodies
and scene contacts. Scene contact labels are generated via precise geometric alignment.

Primary uses of RICH include supporting reasoning about 3D human-scene contact
from images, serving as a monocular or multiview human pose and shape benchmark, and
potentially aiding end-to-end scene reconstruction (though it targets contact and interac-
tions rather than full scene rebuild). It is also employed for human 3D reconstruction and
3D scene geometry tasks. In specific models, RICH is used in JOSH, UniSH, Human3R,
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and PhySIC; for instance, in UniSH, it evaluates the model’s accuracy in estimating global
human motion.

A.5 Bonn Dataset

The Bonn Dataset [13], is typically employed in human-scene reconstruction and dynamic
SLAM research. It is designed to challenge RGB-D SLAM and reconstruction systems
with highly dynamic indoor scenes where dynamic elements, such as people and moving
objects, interact within otherwise static environments. The dataset contains 24 dynamic
sequences and 2 static sequences as baseline references, capturing scenarios like playing
with balloons that cause significant motion and occlusions.

Modality and content include RGB and depth sequences, with registered RGB frames,
depth maps, and intrinsic camera calibration, suitable for 3D mapping and pose estimation.
Dynamic content ranges from person tracking to moving obstacles. For scene geometry and
3D scene representation, it provides a high-resolution groundtruth 3D point cloud of the
static environment, captured using a Leica BLK360 terrestrial laser scanner, comprising
approximately 394 million points. Static scene models are available in PLY format, allowing
evaluation of reconstructed geometry against high-precision scans.

Groundtruth quality features per-frame pose labels from an OptiTrack Prime 13 motion
capture system for camera trajectories, with data acquired using an ASUS Xtion Pro LIVE
RGB-D sensor. Primary uses encompass benchmarking dynamic SLAM and mapping
algorithms for robustness to moving objects, evaluating camera tracking accuracy under
dynamic conditions, and testing reconstructed scene geometry against the groundtruth
model. It is used in UniSH [31] for related evaluations.

A.6 BEDLAM

BEDLAM [?] is a synthetic dataset that addresses limitations in real datasets by offering
large-scale variations, though it may be constrained in scene diversity compared to real
captures. It contains monocular RGB videos with groundtruth 3D bodies in SMPL-X for-
mat, enabling the training of 3D human pose and shape regressors. The dataset emphasizes
diversity in body shapes, motions, skin tones, hair, and clothing to enhance generalization.
Clothing is realistically simulated on moving bodies using physics simulations, with varied
lighting and camera motions for added realism. It includes around 10,450 sequences at 30
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fps, comprising RGB images, segmentation masks, depth maps, and groundtruth SMPL-X
parameters.

Scene geometry and 3D scene representation are not the primary focus; while environ-
ments are rendered, they serve as backgrounds for human motion synthesis rather than
independent benchmarks with dense scans. Depth maps provide per-frame pixel-aligned
depth information, useful for depth-aware models, but these are synthetic. Groundtruth
quality is exact by design, generated from the SMPL-X model and rendering pipeline,
with no physical capture hardware involved; instead, motions are animated and rendered
with physics-based clothing and diverse lighting. The dataset supplies exact per-frame 3D
parameters and CSV files for direct supervision.

Primary uses include training and evaluating 3D human pose and shape estimation from
monocular video, benchmarking generalization to real datasets via synthetic training, and
supporting research into human appearance and motion diversity. It is also applicable
for tasks like depth estimation and segmentation. BEDLAM is utilized in UniSH [31]
for coarse-grained alignment to learn initial localization and in Human3R [5] for related
evaluations.

A.7 BEDLAMZ2

BEDLAM?2 [58] is a large-scale synthetic video dataset which provides millions of frames
specifically designed for training and evaluating 3D human pose and shape estimation
methods, with a strong emphasis on estimating humans in world coordinates. The dataset
includes accurate ground-truth 3D body parameters using the SMPL-X model and com-
prehensive camera data, enabling robust training and benchmarking of approaches that
handle both human motion and dynamic camera movements.

The dataset consists of monocular synthetic video sequences at 1280 x 720 resolution and
30 fps, totaling 27,480 sequences and more than 8 million rendered PNG images. It provides
SMPL-X body parameters (3D pose and shape) for each frame in world coordinates, along
with camera extrinsics and intrinsics for all frames. These sequences feature multiple 3D
environments with diverse lighting conditions (HDRI-based from Poly Haven), realistic
rendering of clothing, strand-based hair, shoes (as displacement maps), and body textures.
Depth maps are available for approximately 44% of the images (in 16-bit EXR format).

Regarding scene geometry and 3D scene representation, BEDLAM2 generates full syn-
thetic 3D environments, including diverse indoor and outdoor scenes with realistic light-
ing, occlusions, and geometry. It also produces ground-truth depth maps for the rendered
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scenes, though these are synthetic and primarily support human-focused tasks rather than
full scene reconstruction. The dataset incorporates realistic motion blur to enhance vi-
sual fidelity. Rendering is performed using Unreal Engine 5.3.2, with no physical capture
involved; everything is generated through a synthetic pipeline.

The groundtruth quality is exact by construction, derived directly from the SMPL-X
parameterization, animation pipeline, and rendering process. This ensures precise per-
frame 3D body parameters, camera poses, and associated metadata (provided in CSV and
JSON formats).

Primary uses of BEDLAM?2 include 3D human pose and shape estimation from monoc-
ular video, camera motion estimation, human motion analysis in world coordinates, and
related tasks such as 3D /4D point tracking, structure from motion with non-rigid elements,
depth estimation, optical flow, and dynamic scene understanding. While it can support
aspects of scene reconstruction through its rendered environments and depth maps, the
dataset is more tailored toward human pose and shape estimation due to the synthetic
nature of the scene rendering (less rich and varied than real-world 3D scans).

Compared to the original BEDLAM dataset, BEDLAM?2 offers several significant im-
provements and benefits:

e Much larger scale and richer content, with over 8 million frames providing substan-
tially greater diversity for training.

e Enhanced camera diversity and realism, introducing a wide range of realistic camera
motions (e.g., zoom, orbit, panning, tracking) and varying focal lengths to better sim-
ulate dynamic, real-world camera behaviors—addressing limitations in the original
BEDLAM'’s more restricted camera variation.

e Increased realism and variation in human appearance, including more diverse body
shapes, strand-based realistic hair, simulated clothing, shoes, and improved skin
textures.

e Broader scene variation with more 3D environments and enhanced lighting diversity.

e More comprehensive ground-truth data, leading to state-of-the-art improvements
when training methods (particularly those estimating humans in world coordinates)
compared to the original BEDLAM.

BEDLAM2 builds on the foundation of BEDLAM by significantly advancing synthetic
data quality for 3D human understanding tasks, making it a powerful resource for models
requiring robust generalization to real-world videos with complex motions and viewpoints.
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A.8 3DPW

3DPW [60], referring to 3D Poses in the Wild, is designed for recovering accurate 3D human
pose in unconstrained environments using IMUs and a moving camera, distinguishing itself
from datasets limited to small recording volumes by incorporating video from a moving
phone camera. The dataset includes 60 monocular RGB video sequences captured in real-
world indoor and outdoor settings, with synchronized RGB imagery, 2D pose annotations,
3D human poses, and camera poses for every frame. Auxiliary assets comprise 3D body
scans and 18 re-poseable human models with clothing variations.

Scene geometry and 3D scene representation do not include dense 3D scene geometry
like meshes or LiDAR scans; the emphasis is on human body and camera motion, with
provided camera poses enabling trajectory analysis. Environments are part of the video
but not captured as explicit 3D data. groundtruth quality fuses video and IMU data
for accurate 3D human pose annotations and camera poses. The dataset is split into
train/validation/test subsets with evaluation protocols for benchmarking.

Primary uses focus on 3D human pose estimation in unconstrained environments and
evaluation of pose and camera motion approaches. In Human3R [5], it is specifically used
to assess human pose and shape reconstruction.

A.9 PROX

PROX [16], standing for Proximal Relationships with Object eXclusion, is a dataset used in
human-scene interaction and pose estimation research. It comprises RGB-D video record-
ings of humans interacting with static 3D scenes. The dataset has two parts: Qualitative
PROX with around 100,000 RGB-D frames of 20 subjects in 12 indoor scenes, and Quan-
titative PROX with 180 static RGB-D frames of a single subject captured with motion
capture. It includes RGB images, depth maps, camera data from Kinect-One sensors, and
SMPL-X body model fittings for many frames.

Scene geometry and 3D scene representation feature high-resolution scanned 3D static
scene meshes for each environment, along with signed distance fields for geometric reason-
ing. Static scene models are aligned with RGB-D data via camera-to-world transforma-
tions, accompanied by calibration files and background geometry. Groundtruth quality in
Qualitative PROX involves 30 fps RGB-D recordings with Kinect-One sensors for dynamic
interactions, while Quantitative PROX uses synchronized motion capture for precise pose
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and shape. Body meshes are fitted and refined, with provided camera intrinsics and extrin-
sics for alignment. Primary uses include human-scene interaction evaluation, physics and

contact benchmarks, pose and shape estimation, and scene reconstruction. It is employed
in PhySIC [12] for related tasks.

A.10 Benchmarking Literature Review

Tables A.1-A.3 summarize and contrast these approaches from complementary perspec-
tives. Table A.1 provides a high-level comparison of objectives, inputs, outputs, and prac-
tical trade-offs, while Table A.2 highlights differences in human and scene representations,
metric scale handling, and dynamic modeling. Finally, Table A.3 details architectural and
optimization strategies, revealing a clear shift from optimization-heavy pipelines toward
unified, feed-forward models with shared metric coordinate systems. Collectively, these
methods illustrate the evolving design space of human—scene reconstruction and motivate
the adoption of unified, metric, and temporally consistent models for challenging real-world
settings such as sports videos.

Taken together, these trends are summarized quantitatively and structurally in Ta-
bles A.5-A.7. The tables distill how recent methods differ in their goals, representa-
tions, and architectural choices, ranging from relative-scale dense pointmap regression to
unified, metric-scale, feed-forward formulations that jointly predict geometry, camera pa-
rameters, and, in some cases, motion. In particular, they highlight a shift away from
iterative, optimization-heavy pipelines toward single-stage transformer architectures with
structured decoders and multi-view attention, as well as the growing importance of met-
ric consistency and temporal coherence. This perspective provides a compact reference
for comparing scene priors and design trade-offs, and directly motivates their reuse and
extension in human-—scene reconstruction settings.

A.11 Future Research Directions

1. Benchmarking controllable 4D world models for embodied AI. Once a video-
based, fully controllable 4D world reconstruction model is established, an important
next step is to evaluate it as a training substrate for embodied agents. For humanoid
robotics, the reconstructed world can be queried from an ego-centric perspective
by synthesizing camera trajectories aligned to a person’s viewpoint and generating
consistent observations (geometry, contacts, and motion) for policy learning. This
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enables benchmarking whether policies trained with world-model-generated data im-
prove robustness and generalization relative to policies trained with conventional
simulation or limited real data. A similar evaluation can be performed for au-
tonomous navigation by extracting controllable, view-consistent trajectories through
reconstructed environments and measuring improvements in downstream tasks such
as localization, obstacle avoidance, and long-horizon planning.

. Scaling evaluation and task diversity. Beyond reconstruction accuracy, future
work should develop standardized benchmarks that measure controllability, physical
consistency, and downstream utility across diverse in-the-wild Internet videos. This
includes stress-testing under occlusion, fast motion, challenging illumination, and
crowded scenes, and quantifying how well the model supports counterfactual camera
control (e.g., novel viewpoints) and interaction-consistent rollouts.

. Unified scene-human encoding. A further architectural direction is to replace
separate human and scene encoders with a single, jointly trained encoder that pro-
duces a shared tokenization of both people and environment. Such a unified represen-
tation may improve bidirectional coupling, reduce failure modes caused by module
boundaries, and enable cleaner end-to-end learning of a world latent that jointly
captures dynamic humans and static scene structure.
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Aspect

Optimization-based Meth-
ods (e.g., JOSH [35])

Feed-forward Methods (e.g.,
Human3R [5], UniSH [31])

Human—Scene
Coupling

Use of Human—
Scene Priors

Influence of Hu-
mans on Scene

Influence of Scene
on Humans

Metric Consistency

Initialization Sen-
sitivity

Computational
Cost

Scalability
Robustness to Oc-

clusion and Noise

Generalization

Strong, explicit bidirectional
coupling via shared optimization
objectives and constraints

Explicit modeling of contact,
support, and collision
straints

con-

Human motion and contacts di-
rectly influence scene geometry
refinement

Scene geometry constrains hu-
man pose and motion during op-
timization

Naturally enforced through joint
optimization in a shared world
frame

Highly sensitive to quality of ini-
tial human, scene, and camera
estimates

High; requires iterative opti-
mization per sequence

Poor scalability to long videos or
large datasets

Fragile under occlusion, fast mo-
tion, or missing contacts
Limited generalization; opti-
mization must be tuned per sce-
nario

Weak or indirect coupling; inter-
action typically limited to global
alignment (e.g., scale, transla-
tion)

Implicit or absent; priors not en-
forced at the geometric level

Scene geometry is largely invari-
ant to human motion

Human reconstruction weakly
conditioned on scene context

Often achieved via post-hoc
alignment or scale prediction

Less sensitive due to amortized
inference

Low; single forward pass enables
real-time or near real-time infer-
ence

Highly scalable and suitable for
large-scale deployment

More robust to noisy or incom-
plete observations

Strong generalization when pre-
trained on large-scale in-the-
wild data

Table A.4: Comparison between optimization-based and feed-forward human—scene recon-

struction approaches.
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