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Abstract

In this thesis, we introduce novel methods for human motion and human-object inter-
action capturing from wearable devices using a capturing setup consisting of a head-
mounted camera and body-mounted IMUs. While the vast majority of works in 3D
human motion reconstruction have focused on capture methods from external cameras,
we concentrate on wearable body sensors, which are often more scalable and easier to
use. Through the course of our work, we solve the challenges of capturing motion from
restricted and noisy data, modeling human-object interactions without visually observing
them and reducing the capturing system to a single head-mounted device.

Before this thesis, wearable systems could recover human motion itself but could not
localize it within large 3D scenes. As the first contribution, we introduce the Human PO-
SEitioning System (HPS), the first system to enable long-term, high-accuracy 3D human
pose estimation and self-localization within large scenes using the new wearable setup
with a camera and IMUs. It combines deep learning-based camera localization with
inertial pose estimation data and geometric clues from scene point clouds in the joint
optimization algorithm. This enables HPS to recover the human motion and localize it
within the scene while satisfying physical constraints such as foot-ground contacts. HPS
demonstrates the feasibility of capturing extensive human motion data over extended pe-
riods, resulting in the collection of the HPS dataset – a dataset of long human activities in
large scenes that established itself as a benchmark in the field. Together, the HPS system
and dataset became a stepping stone for future research in wearable motion capture.

Our next contribution extends the capabilities of wearable systems further. We re-
lax the primary assumption of HPS – static scenes – and present iReplica, a pioneering
method to capture human-object interactions and model dynamic scene changes with a
head camera and body-mounted IMUs. To solve the challenges of limited object vis-
ibility and human localization artifacts, we develop innovative algorithms for contact
detection from motion and subject position correction from interactions. Together, these
ideas allowed, for the first time, to model human-object interactions without external
sensors. To train our model, we collected a new dataset comprising several hours of
interaction data, contact timings, and first-person view camera videos, which we have
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made publicly available to encourage further progress on the topic.
The aforementioned wearable system demonstrates great results but requires multi-

ple body-mounted devices to capture human motion. Our next contribution reduces the
number of sensors down to a single head-mounted device. While, at first, it seems im-
possible to recover the full body motion with such a minimalistic setup, our key idea
is to use the information about the subject’s surroundings to its fullest potential. We
present HMD2 – a first motion generation method that uses environment information
obtained from the egocentric perspective in addition to the sparse motion input. It is
powered by a diffusion-based motion model that generates human motion conditioned
on video streams, device trajectories, and local scene point cloud reconstructions, all ob-
tained from the same head-mounted device. Through our experiments, we demonstrate
that the context of the scene and the device trajectory are sufficient to generate plausi-
ble human motion, closely matching the ground truth in most situations. HMD2 greatly
simplifies the hardware requirements and opens up new possibilities for applications in
smart glasses and other minimalistic wearable technologies.

Overall, this thesis advances the field of wearable motion capture by addressing key
challenges associated with egocentric capture systems and presents innovative solutions
that blend multiple input modalities with novel fusion algorithms. The proposed methods
and collected datasets pave the way for future research and practical applications in fields
that require understanding and replication of human behavior, such as augmented reality,
virtual presence software, and robotics.
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Kurzfassung

In dieser Dissertation stellen wir neuartige Methoden zur Erfassung von menschlichen
Bewegungen und Mensch-Objekt-Interaktionen mithilfe von tragbaren Geräten vor, wo-
bei wir ein Aufnahmesystem verwenden, das aus einer am Kopf montierten Kamera und
am Körper montierten IMUs besteht. Während sich die überwiegende Mehrheit der Ar-
beiten zur 3D-Rekonstruktion menschlicher Bewegungen auf Aufnahmemethoden von
externen Kameras konzentriert, liegt unser Schwerpunkt auf tragbaren Körpersensoren,
die oft skalierbarer und einfacher zu verwenden sind. Im Laufe unserer Arbeit lösen
wir die Herausforderungen der Erfassung von Bewegungen aus eingeschränkten und
verrauschten Daten, der Modellierung von Mensch-Objekt-Interaktionen ohne visuelle
Beobachtung und der Reduzierung des Aufnahmesystems auf ein einzelnes am Kopf
montiertes Gerät.

Zuvor konnten tragbare Systeme nur die menschliche Bewegung erfassen, sie jedoch
nicht innerhalb großer 3D-Szenen lokalisieren. Als ersten Beitrag stellen wir das Hu-
man POSEitioning System (HPS) vor, das erste System, das mithilfe des neuen tragba-
ren Setups mit einer Kamera und IMUs eine langfristige, hochpräzise 3D-Abschätzung
der menschlichen Pose und Selbstlokalisierung innerhalb großer Szenen ermöglicht. Es
kombiniert Deep-Learning-basierte Kameralokalisierung mit IMU basierter Positions-
schätzung und geometrischen Anhaltspunkten aus Szenenpunktwolken in einem einzel-
nem Optimierungsalgorithmus. Dadurch kann HPS die menschliche Bewegung rekon-
struieren und innerhalb der Szene lokalisieren, während physikalische Einschränkungen
wie Fuß-Boden-Kontakte berücksichtigt werden. HPS demonstriert die Machbarkeit der
Erfassung umfangreicher menschlicher Bewegungsdaten über längere Zeiträume, was
zur Sammlung des HPS-Datensatzes führte – eines Datensatzes langer menschlicher Ak-
tivitäten in großen Szenen, der sich als Benchmark in diesem Bereich etablierte. Zusam-
men wurden das HPS-System und der HPS-Datensatz zu einem Sprungbrett für zukünf-
tige Forschungen zur tragbaren Bewegungserfassung.

Unser nächster Beitrag erweitert die Fähigkeiten tragbarer Systeme weiter. Wir lo-
ckern die Hauptannahme von HPS – statische Szenen – und präsentieren iReplica, eine
wegweisende Methode zur Erfassung von Mensch-Objekt-Interaktionen und zur Model-
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lierung dynamischer Szenenänderungen mit einer Kopfkamera und am Körper montier-
ten IMUs. Um die Herausforderungen der eingeschränkten Objektsichtbarkeit und der
menschlichen Lokalisierungsartefakte zu lösen, entwickeln wir innovative Algorithmen
zur Kontakterkennung aus Bewegungsmustern und zur Korrektur der Position des Sub-
jekts anhand der Interaktionen. Zusammen ermöglichten diese Ideen zum ersten Mal die
Modellierung von Mensch-Objekt-Interaktionen ohne externe Sensoren. Um unser Mo-
dell zu trainieren, sammelten wir einen neuen Datensatz, der mehrere Stunden Interakti-
onsdaten, Kontaktzeiten und Videos aus der Egoperspektive umfasste, die wir öffentlich
zugänglich gemacht haben, um weitere Fortschritte in diesem Bereich zu fördern.

Das oben erwähnte tragbare System zeigt großartige Ergebnisse, erfordert jedoch meh-
rere am Körper getragene Geräte, um menschliche Bewegungen zu erfassen. Unser nächs-
ter Beitrag reduziert die Anzahl der Sensoren auf einen einzigen am Kopf getragenen
Sensor. Während es zunächst unmöglich erscheint, die gesamte Körperbewegung mit
so einem minimalistischen Aufbau wiederherzustellen, besteht unsere Kernidee darin,
die Informationen über die Umgebung des Subjekts optimal zu nutzen. Wir präsentieren
HMD2 – eine erste Methode zur Bewegungsgenerierung, die, zusätzlich zu den dünnbe-
setzten Bewegungseingaben, Umgebungsinformationen verwendet, die aus der egozen-
trischen Perspektive gewonnen wurden. Es basiert auf einem diffusionsbasierten Bewe-
gungsmodell, das menschliche Bewegungen abhängig von Videostreams, Gerätetrajek-
torien und lokalen Szenenpunktwolkenrekonstruktionen generiert, die alle vom selben
am Kopf getragenen Gerät stammen. Unsere Experimente zeigen, dass der Kontext der
Szene und die Sensorbahn ausreichen, um plausible menschliche Bewegungen zu erzeu-
gen, die in den meisten Situationen eng mit der Grundwahrheit übereinstimmen. HMD2

reduziert die Hardwareanforderungen erheblich und eröffnet neue Möglichkeiten für An-
wendungen in Smart Glasses und anderen minimalistischen tragbaren Technologien.

Insgesamt bringt diese Dissertation das Feld der tragbaren Bewegungserfassung voran,
indem sie sich mit den wichtigsten Herausforderungen im Zusammenhang mit egozen-
trischen Erfassungssystemen befasst und innovative Lösungen präsentiert, die mehrere
Eingabemodalitäten mit neuartigen Fusionsalgorithmen kombinieren. Die vorgeschlage-
nen Methoden und gesammelten Datensätze ebnen den Weg für zukünftige Forschung
und praktische Anwendungen in Bereichen, die das Verständnis und die Nachbildung
menschlichen Verhaltens erfordern, wie Augmented Reality, virtuelle Präsenzsoftware
und Robotik.
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Chapter 1

Introduction

Biological intelligence evolved to allow navigation and interaction with the environment
[Gal90]. The human brain processes vast amounts of sensory information about the
world, most of which is derived from our actions and movements. By moving and acting,
humans gather information and achieve goals, making it essential to understand how we
interact with the world to grasp human intelligence as a whole.

Each human action has a reason and thoughts preceding it. By studying human motion
and learning to replicate it, we can infer the underlying intentions that led to actions. This
would allow us to build models that are capable of simulating human behavior or better
interpreting it.

If such models are developed, we can envision a future where people are able to inter-
act with computers in a natural way, where robots can understand and replicate humans,
where augmented reality systems provide assistance in everyday tasks, and where virtual
meetings in the metaverse become a new way of communication. These advancements
have the potential to revolutionize education, entertainment, manufacturing, and other
aspects of our lives.

Bringing this vision to life requires capturing human motion and human-object inter-
actions in a variety of real environments and situations, including cluttered apartments,
large multi-room offices, outdoor spaces, and so on. This creates a need for a highly
mobile system capable of motion and human-scene interactions capturing in diverse sce-
narios.

A standard way of capturing and understanding human motion has always been the use
of external camera setups with multi-view pose estimation methods [HTTM12, NOT24].
While these methods offer high-quality captures, the environment where capture is pos-
sible is limited because every new scene would require a complicated process of setting
up and calibrating multiple cameras. Besides that, the occlusion of body parts by an
object or other body parts can result in a significant precision loss.
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As an alternative to external capturing systems, wearable sensor setups have gained
attention in recent years for several reasons: such systems are usually more affordable
and have the advantage of increased mobility and faster setup time. Earlier works studied
the ability to capture motion using several wearable setups, including inertial sensors
[RLS09, PMBH+10] and inwards-looking cameras [RRC+16, TAP+20]. However, these
solutions suffer from global position drift and the inability to localize the subject within
the surroundings.

This dissertation proposes a new idea – capturing human motion and human-object in-
teractions from a body-mounted sensor system consisting of an outward-looking camera
and one or more inertial sensors. Such a system can localize the human in the scene and,
as a consequence, reduce the motion drifting problem. In our work, we demonstrate that
the system with this sensor layout can capture motion in large environments during an
extended amount of time and model human-object interactions without external cameras
or other external sensors. We have also found that, given the learned prior, it is possible
to recover human motion even if the sensor layout is reduced to a single head-mounted
device.

Of course, the task of egocentric capture comes with its own unique challenges: the
two main sources of information – the video from the head-mounted camera and the
inertial data – are mounted on the body and prone to distortions. Because of the head
motion, the camera video is often blurry and does not provide a clear view of the scene.
Moreover, the egocentric nature of the capture means that most of the subject’s body
and the object of interest (in case of interaction) are often out of sight. And the inertial
data, as discussed earlier, is noisy and accumulates errors over time. Solutions to these
challenges required us to combine several input modalities and develop novel data fusion
algorithms.

In Chapter 4, we present HPS (Human POSEitioning System) – a system that enables,
for the first time, reliable, long-term human motion capturing and body localization
within the large 3D scene using only wearable sensors, namely head-mounted camera
and body-mounted IMUs. We propose a novel optimization algorithm that combines
deep learning-based camera localization with inertial pose estimation data and geomet-
ric clues from the scene point cloud. HPS is able to estimate the 3D pose of a human
subject for longer periods of time and localize them in a large scene with high accuracy.
HPS enabled us to capture the HPS dataset - a collection of more than three hours of
various human activities captured in large laser-scanned 3D scenes. The direction set by
HPS was explored more deeply in later works. For example, new methods study captur-
ing motion using IMUs and body-mounted LiDAR [DLW+22] or sparser sensor setups
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[JSM+23]. The wearable capturing setup used in HPS further proved its scalability and
usefulness with large egocentric motion datasets such as Nymeria [MYH+24] – a collec-
tion of more than 200 hours of human motion and egocentric video from a head-mounted
camera.

In Chapter 5, we further advance the capabilities of wearable setup with iReplica (In-
teraction Replica). iReplica addresses the primary limitation of HPS – its inability to
capture dynamic human-object interactions. We present, for the first time, a method of
modeling dynamic scene changes using only wearable sensors. The goal of extending
wearable capture to dynamic objects brought several new challenges. The main chal-
lenge arises from the inability to model the interaction from the egocentric visual cues,
as the object is frequently out of the camera’s view. Therefore, our key idea in iReplica
is a method for detecting human-object contact from the user’s motion alone, without
relying on unstable visual cues. However, contact detection is not the only insight that
has enabled us to achieve the goal. We have also improved the HPS human localization
pipeline to correct the trajectory based on the interactions with the objects. This makes
interactions more realistic because it reduces the gap between the subject and the object.
The two aforementioned algorithms, motion-based contact detection and object-based
human localization correction, reinforce each other and serve as a fundament for human-
object interaction modeling. As pioneers in the task, we collected a dataset of three hours
of interactions, contact timings, and first-person view camera videos and made the data
and the code online to foster the research in the field.

In Chapter 6, we introduce HMD2 (Human Motion Diffusion from Head-Mounted
Device), which simplifies the wearable capture system to a single head-mounted device
with cameras and IMU, such as smart glasses. HMD2 addresses the usability limitations
of previous setups, eliminating the need to attach multiple IMUs to the body for each
capture session. We show that precise and realistic motion can be recovered even from
an extremely underconstrained single-device setup by leveraging the environment con-
text and a motion model learned from the large amounts of egocentric motion data. At
its base, our method relies on a diffusion-based motion generation model conditioned on
a video stream from the camera, device trajectory, and a local scene point cloud recon-
struction coming from the same device. The proposed method effectively bridges the gap
between motion capture and motion generation: the system can follow the user when the
information is sufficient to reconstruct the motion precisely, e.g., when the user’s limbs
are in sight, and generate plausible motion otherwise. Through extensive method evalu-
ation on a large motion dataset, we show that HMD2 can generate realistic motion for a
variety of activities, such as walking, running, sitting, doing sports, and interacting with
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objects.
This dissertation contributes to the field of human motion understanding by present-

ing novel methods and systems for motion capture from wearable devices. From the
comprehensive multi-sensor HPS setup to the streamlined single-device solution, our
work addresses key challenges and opens new pathways for egocentric motion capture
research. By advancing the capabilities of wearable systems, we aim to bridge the gap
between human and machine understanding of the world and accelerate the research in
the field of egocentric vision. In the future, we hope to see the adoption of wearable
devices as a standard solution for motion capture and analysis, as well as the develop-
ment of broader applications such as AR interfaces, telepresence systems, and intelligent
robotics.

1.1 Publications

The work presented in this dissertation has been published in the following papers:

• [GMSPM21] Vladimir Guzov*, Aymen Mir* Torsten Sattler, Gerard Pons-Moll
(* equal contribution) “Human POSEitioning System (HPS): 3D Human Pose Esti-
mation and Self-localization in Large Scenes from Body-Mounted Sensors”, Con-
ference on Computer Vision and Pattern Recognition (CVPR) 2021.

• [GCM+24] Vladimir Guzov, Julian Chibane, Riccardo Marin, Yannan He, Yunus
Saracoglu, Torsten Sattler, Gerard Pons-Moll “Interaction Replica: Tracking human-
object interaction and scene changes from human motion”, International Confer-
ence on 3D Vision (3DV) 2024.

• [GJH+25] Vladimir Guzov*, Yifeng Jiang*, Fangzhou Hong, Gerard Pons-Moll,
Richard Newcombe, C. Karen Liu, Yuting Ye, Lingni Ma (* equal contribution)
“HMD2: Environment-aware Motion Generation from Single Egocentric Head-
Mounted Device”, International Conference on 3D Vision (3DV), 2025.

Contributions were also made to the following papers, which are not included in this
dissertation:

• [ZBS+22] Xiaohan Zhang, Bharat Lal Bhatnagar, Sebastian Starke, Vladimir Gu-
zov, Gerard Pons-Moll “COUCH: Towards Controllable Human-Chair Interac-
tions”, European Conference on Computer Vision (ECCV), Springer, 2022.
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• [LGO+23] Verica Lazova, Vladimir Guzov, Kyle Olszewski, Sergey Tulyakov,
Gerard Pons-Moll “Control-NeRF: Editable Feature Volumes for Scene Render-
ing and Manipulation”, Winter Conference on Applications of Computer Vision
(WACV), 2023.

• [MYH+24] Lingni Ma, Yuting Ye, Fangzhou Hong, Vladimir Guzov, Yifeng
Jiang, Rowan Postyeni, Luis Pesqueira, Alexander Gamino, Vijay Baiyya, Hyo
Jin Kim, Kevin Bailey, David S. Fosas, C. Karen Liu, Ziwei Liu, Jakob Engel,
Renzo De Nardi, Richard Newcombe “Nymeria: A Massive Collection of Multi-
modal Egocentric Daily Motion in the Wild”, European Conference on Computer
Vision (ECCV), 2024.

• [ZBS+25] Xiaohan Zhang, Bharat Lal Bhatnagar, Sebastian Starke, Ilya Petrov,
Vladimir Guzov, Helisa Dhamo, Eduardo Pérez Pellitero, Gerard Pons-Moll
“FORCE: Dataset and Method for Intuitive Physics Guided Human-object Inter-
action”, International Conference on 3D Vision (3DV), 2025.

• [HGK+24] Fangzhou Hong, Vladimir Guzov, Hyo Jin Kim, Yuting Ye, Richard
Newcombe, Ziwei Liu, Lingni Ma “EgoLM: Multi-Modal Language Model of
Egocentric Motions”, ArXiv preprint 2409.18127, Sep 2024.

• [GPPM24] Vladimir Guzov, Ilya A. Petrov, Gerard Pons-Moll “Blendify – Python
rendering framework for Blender”, ArXiv preprint 2410.17858, Oct 2024.

• [ZSG+24] Xiaohan Zhang, Sebastian Starke, Vladimir Guzov, Zhensong Zhang,
Eduardo Pérez Pellitero, Gerard Pons-Moll “SCENIC: Scene-aware Semantic Nav-
igation with Instruction-guided Control”, ArXiv preprint arXiv:2412.15664, Dec
2024.
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Chapter 2

Background

2.1 Human body models

2.1.1 Kinematic tree skeleton animation models

Human body models are essential for various applications in computer graphics, com-
puter vision, and robotics. These models provide a structured representation of the hu-
man body, enabling realistic animation, motion capture, and interaction with virtual en-
vironments. Typically, human models are represented by a skeleton and, optionally, a
mesh driven by it. The skeleton is defined as a kinematic chain model. Kinematic chain
models are used in computer animation and defined by a set of skeleton joints in a pre-
defined standard position (e.g. T-pose) and their connections between each other. The
connections follow a hierarchical tree-like structure, meaning every joint has one par-
ent and one path to the central (root) joint. The transformations between the connected
joints define the pose of the skeleton. In most cases, these transformations are limited to
rotations. One can compute the transformation of each joint by following the kinematic
chain from the root to the target joint and accumulating the transformations of each joint
along the way.

To represent the human subject and their motion in our work, we use the Xsens skele-
ton model and the Skinned Multi-Person Linear (SMPL) body model [LMR+15]. We
provide the description of these models below.

2.1.2 Xsens skeleton model

Xsens model of a body skeleton consists of 23 body joints, each with three degrees
of freedom (DoF) of rotation and root joint having an additional three translation DoF.
Within the capturing software, the skeleton respects the anatomical limitations of body
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joint rotations. However, the skeleton model itself does not have any restrictions on joint
rotation. The placement of the body joints is designed to be compatible with game char-
acter skinned skeletons commonly used in game engines, such as Mixamo [Mix24]. The
body shape is encoded by the length of each bone in the kinematic tree and is calculated
by the capturing software from the body measurements.

2.1.3 SMPL body model

SMPL is a differentiable function M(ω,t,ε) : R72↑3↑10 ↓↔ R6890↑3 that maps pose ω,
translation t and shape ε parameters to the vertices of a watertight human mesh. Com-
pared to Xsens, which models only the underlying skeleton, SMPL features the complete
body mesh. This is useful for modeling the collision of the body with the scene and cre-
ating a more realistic visualization.

The SMPL skeleton consists of 24 joints. The rotation of these joints is controlled
by the vector of pose parameters ω ↗ R72. Each triplet in the vector defines a relative
rotation of the corresponding joint in axis-angle representation. The body mesh consists
of 6890 vertices and is computed from the PCA coefficients of a shape space ε ↗ R10

inferred from a dataset of registered 3D scans. The pose of the mesh is controlled by
the skeleton using skinning [MLT88] – an algorithm of transforming each vertex of the
mesh according to the weighted sum of the transformations of skeleton joints.

In our work, we use Mn(ω,t,ε) ↗ R3 to indicate the nth vertex of the SMPL mesh.
We assume that the shape remains constant for each subject. Therefore, we set it once
per subject using body measurements and drop shape parameter ε for notational conve-
nience.

2.2 Image data representations

General image representation involves creating embeddings or features from images that
effectively describe their content. These embeddings are crucial for object detection,
image retrieval, and scene understanding tasks. Selecting the right model for image
representation depends on the specific requirements for spatial understanding, scalability,
and domain. The resulting features can represent certain local regions of the image (local
descriptors) and describe the image as a whole (global descriptors).

We use both global and local image descriptors in our work. Global image descriptors
can effectively condense the image information into a compact representation, so we
employ them in tasks of image filtering in the camera self-localization pipeline, described
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in Chapter 4 and per-frame conditioning for the motion generation model in Chapter 6.
Local image descriptors are employed in feature matching to achieve fine-grained camera
positioning (Chapter 4). By describing the local regions of an image, they provide the
necessary detail and robustness required for accurately matching features across different
frames or viewpoints.

Below, we describe both types of descriptors in more detail.

2.2.1 Global image descriptors

Global image descriptors aim to encapsulate the overall content of an image into a com-
pact, fixed-length vector representation. There are several techniques for forming the
global descriptor of an image. Here, we will describe the ones used in our works. The
first type is Vector of Locally Aggregated Descriptors (VLAD) descriptors, first formu-
lated in [JDSP10], where the descriptor is formed by aggregation of features from the
local descriptor points. Given local features descriptors of the image F = { f1, . . . fN},
fi ↗ RM we can form a bag of features C = {c1, . . .cK} by clustering F into K clusters
and computing the center of each cluster. Then, the VLAD descriptor is computed with
the following formula:

v̂iM+ j = !
{ f : f↗F,NN( f )=ci}

f j → c j
i , (2.1)

where f j denotes jth element of f . After that, the resulting vector is normalized with L2

norm v = v̂
||v̂||2 .

A different approach to forming a global image descriptor is to create the deep neu-
ral network model that generates the descriptors. The training procedure for this net-
work varies based on the method and the data available. For example, the CLIP method
[RKH+21] does so by maximizing the cosine similarity of the image descriptor model
output and the text descriptor model output paired for the pairs of image and text de-
scriptions. Another training procedure, shown in [CTM+21], is based on self-supervised
learning from the batch of distorted views of one image. The idea is to have two models
with identical architecture, so-called “student” and “teacher”, with the objective of the
student model to distill the probability distribution of the output of the teacher model.
The teacher model is defined by the previous weights of the student model with an expo-
nential moving average (EMA) applied to them.

9



Chapter 2 Background

2.2.2 Local image descriptors

Local image descriptors focus on representing specific regions or key points of an image,
capturing detailed and localized information. They aim to preserve spatial details and
provide representations that are invariant to transformations such as scale, rotation, and
slight illumination changes.

The standard approach to forming local descriptors is to find a point of interest, or
key points, and compute statistics on the region around this point, which will form the
descriptor itself. Examples of commonly used statistics are a histogram of gradient ori-
entations [DT05] or a binary vector of pixel intensities comparisons within the region
[CLSF10].

The typical choice for a key point-finding algorithm is the one that identifies regions in
an image where the intensity changes significantly in multiple directions. Notable exam-
ples include the Harris Corner Detector [HS+88], which uses the gradient information
to detect corners by evaluating changes in intensity in a sliding window, and FAST (Fea-
tures from Accelerated Segment Test) [RD06], which identifies key points by scanning a
circle around a candidate point clockwise and examining pixel intensity patterns.

Recent advancements have introduced deep learning-based methods for generating
local descriptors. For instance, the SuperPoint framework [DMR18] leverages a fully
convolutional neural network to detect key points and compute their descriptors jointly.
The model is trained in a self-supervised manner, ensuring robustness to diverse visual
conditions. Such methods demonstrate superior performance in challenging scenarios,
including extreme viewpoint changes or varying lighting conditions. However, the run-
time of such methods is much slower than the statistics-based descriptors, which explains
why the latter are still used in tasks sensitive to compute resource requirements, such as
SLAM (Simultaneous Localization and Mapping) in AR and VR headsets.
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Chapter 3

Related work

3.1 Human motion capturing

Capturing of the human motions can be done in various ways. The systems capable of
capturing the body motion traditionally involved external cameras observing the actor.
However, the recent progress in portable electronics has made it possible to build reliable
and long-lasting wearable capturing systems. This section covers the related systems of
human body capture, which uses external and wearable sensors.

3.1.1 External sensors setups

The predominant approach in vision has focused on analyzing humans using an external
third-person camera, frequently disregarding the surrounding scene context [PMR11,
KBJM18, OLPM+18, APMTM19, LGK20, SLAL20]. While some recent methods have
begun capturing 3D scenes along with humans [HCTB19, SGXT20, LHG+23, LIYK22],
they still rely on a third-person camera that observes a user from a distance. In addition,
most of the methods do not support moving cameras, which limits the capturing volume.

By definition, all external camera methods suffer from occlusions – during the motion,
body parts can become invisible to the camera because of the other people, objects, or
the other body parts of the same subject. To overcome this problem, some methods use
multiple cameras [SBB10, SC05, TWZ20, IBLM19, RHH+20], but this greatly increases
the complexity of the setup because the cameras need to be synchronized and calibrated.
In our work, we do not utilize external cameras to capture motion; instead, we use wear-
able systems. This allows us to capture the person in motion in various environments,
including outdoors.

Despite the scalability drawbacks and complex setup, the multicamera external cap-
turing methods can provide reliable human pose and shape data. For this reason, such
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systems are used to evaluate our methods in Chapters 4 and 5.

3.1.2 Egocentric capture and motion generation

IMU-based methods. Inertial Measurement Units (IMUs) are becoming increasingly
popular for capturing human motion due to their portability and low cost. Early work
[VAV+07, RLS07] developed suits to capture 3D human pose during daily activities,
consisting of IMUs placed on the key body parts. Despite the portability, these solu-
tions require a large number of sensors to achieve accurate tracking, making them less
practical.

Therefore, one line of work has focused on reducing the amount of IMUs necessary to
capture motion. Such sparse IMU tracking methods demonstrated good performance
while reducing the end-user burden. Using space-time optimization [vRBPM17] or
data-driven approaches, these methods can track the full body using only six [YZX21,
YZH+22] or four [YKL21, ZWZ+24] sensors.

Although commercial solutions for IMU-based pose estimation [RLS09, PSRB18]
have improved the usability and stability of earlier solutions, IMU-based methods still
suffer from drift, especially in the global orientation and location of the body. Therefore,
they are not suitable for long-term tracking and capturing without additional sensors or
external references.

Camera-based methods. A different approach is featured in many action recognition
methods [BSAJ17, FFR11, MFK16, CZW+17, YMO+15, RSR15] and uses a system
with a head-mounted camera which observes the user. The body pose estimation in this
setup is mostly limited to the upper part. While solutions for full-body tracking exist
[RRC+16, XCZ+19, TAP+20], the tracking precision is still low due to the high self-
occlusion rate.

Some methods position the camera to face outward and estimate 3D pose from an ego-
centric view alone. However, these approaches often yield inaccurate results with high
uncertainty [JG17, YK18, YK19]. As we demonstrate in Chapter 6, this problem can be
tackled by introducing additional environment cues and visual-inertial camera tracking
with IMU. As an interesting alternative, some methods mount multiple cameras on the
body joints and apply structure-from-motion techniques [SPS+11], but these methods
are currently restricted to capturing slow movements.

Hybrid motion capturing methods. To overcome the drift accumulation and uncer-
tainty problems, several approaches combine IMUs with external cameras [vMPMR16,
PMBH+10, PMBG+11, TGM+17, MVG+17], a depth-camera [HBB+13, ZYL+18] or
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even a hand-held camera [vMHB+18, PMY+23]. However, they all require a camera
that constantly observes the user, which limits the field of view to be captured or needs
someone to follow the person being tracked.

In this dissertation, a wearable system with an outward-facing head camera and IMUs
is considered (approximating the person’s field of view), which is used to self-localize
the person in the scene. In Chapters 4 and 5, we use a system with 17 IMUs and a head-
mounted camera, which allows us to capture the person precisely. Later works demon-
strated that it is possible to reduce the input point count to three [DKP+23, JSQ+22,
CEJ+23] or even a single device [ZMZ+22]. Inspired by these results, in Chapter 6, we
use a system with a single device with IMU and head-mounted cameras, improving the
task of full body motion generation from head-mounted sensors.

3.1.3 Learned pose and motion priors

The evolution of capturing human motion has seen significant advancements through
the incorporation of learned priors. Initial approaches focused on pose priors, such as
VPoser [PCG+19] and Pose-NDF [TAL+22], which modeled human pose distributions
to improve pose estimation accuracy and resolve ambiguities in captured data. These
methods laid the groundwork for priors that expanded beyond static poses.

Subsequent research introduced motion priors, which capture temporal dynamics and
constraints of human movement. For instance, methods like HuMoR [RBH+21] use
learned motion representations to model realistic human trajectories over time, enhanc-
ing the consistency of captured sequences. These motion priors have proven particularly
effective in applications where data sparsity or occlusions present significant challenges.
Recent work incorporates diffusion models as priors, expanding capabilities in motion
capturing from sparse inputs, as well as generation and editing. For instance, [STKB23a]
enables long-sequence and interactive motion synthesis, while diffusion Noise Optimiza-
tion (DNO) [KPA+24] serves as a universal prior for editing and control. In Chapter 6,
we train a diffusion-based motion model to generate human motion from sparse data.
During training, this model learns a human motion prior, helping to resolve ambiguities
like the position of the body parts invisible to the camera.
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3.2 Motion generation

3.2.1 Learning-based Pose and Motion Generation

Generating controllable and realistic human movements is a long-standing goal in com-
puter graphics and vision. Modern deep learning opens new possibilities for this prob-
lem, with earlier attempts exploring both regression-based [HKS17, HKPP20] and gen-
erative [HAB20, LZCVDP20] frameworks. Recently, diffusion models demonstrated
impressive capabilities in the generative setting across various tasks such as motion gen-
eration conditioned on text [STKB23b, ZDC+23], music [TCL23], audio [ANBH23] and
sparse motion data [CEJ+23, DKP+23]. However, frameworks that generate motions in
an online fashion with minimal latency [WLF+24] are still under-explored. Inspired
by the use of autoregressive diffusion models for motion generation in other contexts
[HPD+24, ZLAH23, SWJD23, YTY+23], in Chapter 6 we adopt diffusion-based mo-
tion generation with autoregressive inpainting for low-latency inference.

3.2.2 Scene-aware Pose and Motion Modeling

Motion generation and reconstruction satisfying scene and environment constraints is
critical for learning-based motion models to become practical. Recent work has looked
into various methods and representations to incorporate scene information, such as shape
primitives [LIYK22, LJ23], point-cloud-based networks [HWL+23, ZWZ+22, WRL+22,
WCL+22], voxel-based networks [WLX+23, HCV+21, SZKS19], scene images
[CGM+20], signed distance fields [ZZW+23], to name a few.

However, most of the aforementioned methods cannot be scaled to large scenes and
require end-of-motion goal specifications to navigate in the scene. To address these
limitations, in Chapter 6, we represent the surroundings as a local patch of scene points
encoded in a fixed-length vector using a pre-trained autoencoder.

3.3 Human-object interaction capturing
The majority of current methods that record human motion and human-scene interac-
tion use external cameras. Methods to capture the humans in the environment assume
mostly static scenes [HCTB19, ZZB+21, LIYK22, HYH+22] or work with a single dy-
namic object without any scene context [ZPJ+20, XJMS21, WY21, TGBT20, HTBT22,
BXP+22]; similarly for human–scene and human–object interaction generation meth-
ods [TCBT22, ZBS+22, HCV+21, SZKS19]. A few exceptions exist, though, e.g.
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RigidFusion [WLNM21] can track objects with an external RGBD sensor, and some
pose estimation methods work with first-person view footage. However, those methods
study the upper body or are limited to static cameras, e.g., hand-object pose estima-
tion [TBP19, KTS+21, LJX+21, DNMC20, OWL19, WPY+19], or do not model dy-
namic objects [ZYM+22]. Some methods can use egocentric video to predict the contact
[DSZ+22, SGSF20] but do not further process this information to infer object position.
In our case, the problem of the dynamic camera is complicated by the fact that the in-
teracted object is often out of the camera’s field of view. This makes it impossible to
determine the start and the end of interaction from visual information. Therefore, pose-
based interaction priors are more related to our case – one of the examples is Object
pop-up [PMCPM23] – a method of predicting the object position based on the human
pose alone. In Chapter 5, we follow a similar concept and infer the object position based
on the contacts predicted from the human motion without visual cues.

3.4 Visual localization

Visual localization aims to estimate the pose of a camera in a known environment. Cur-
rent state-of-the-art approaches are based on 2D-3D matches between pixels in the cam-
era image and 3D scene points. These 2D–3D matches are either estimated based on
local features [SCSD19, SDMR20, SLK17, SPGS18, IZFB09, LSHF12, LZA+20] or
by regressing a 3D point coordinate for each pixel [SGZ+13, BR20, BR18, CGL+19,
DFW+21]. A recent line of works focuses on the robustness of localization algorithms
[TMT+20, WSG+20, JAG+21, YLZ21, DFW+21], e.g., to illumination, weather, and
seasonal changes, as well as to changes caused by human actions (rearranging furniture,
etc.). These approaches assume that a large enough part of the scene remains static and is
observed by the camera to facilitate pose estimation. The second assumption is violated
in our scenario; therefore, the noisyness of the camera pose estimates is higher than in
the standard localization scenarios. In Chapter 4, we address this issue by using spatial
prefiltering of the camera poses before passing them in the optimization (Sec. 4.2.5).

It is also possible to use IMU-based tracking to bridge gaps where visual localization
algorithms will most likely fail. This algorithm group is called visual-inertial odometry
methods [LSB+15, JS11]. The data from the IMU sensor is especially helpful in sta-
bilizing the predicted camera trajectory during periods of low scene visibility or when
many scene changes are happening. Inspired by these methods, in Chapter 5, we use
IMU data to stabilize the camera trajectory further, and in Chapter 6, we rely on the
visual-inertial odometry system integrated into the capturing device to provide a precise
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camera position.
Visual and visual-inertial localization methods are often used as a part of SLAM (Si-

multaneous Localization And Mapping) systems [MAMT15, CEG+21, WZ18, RACC20,
Pro23]. SLAM systems are capable of building a map of the environment while simulta-
neously localizing the camera within this map. The map consists of the 3D points in the
scene inferred by triangulating the 2D-3D matches from the camera images. This map
can be used to compute the camera pose estimates, as well as to provide additional infor-
mation about the scene. In Chapter 6, we use the scene points from the SLAM system to
provide the scene context for the motion generation model.
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Chapter 4

Human POSEitioning System (HPS)
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Figure 4.1: HPS jointly estimates the full 3D human pose and location of a subject within
large 3D scenes, using only wearable sensors. Left: subject wearing IMUs and a head
mounted camera. Right: using the camera, HPS localizes the human in a pre-built map
of the scene (bottom left). The top row shows the split images of the real and estimated
virtual camera.

In this chapter, we introduce the Human POSEitioning System (HPS), a method to
recover the full 3D pose of a human registered with a 3D scan of the surrounding en-
vironment using wearable sensors. Using IMUs attached to the body limbs and a head-
mounted camera looking outwards, HPS fuses camera-based self-localization with IMU-
based human body tracking. The former provides drift-free but noisy position and ori-
entation estimates, while the latter is accurate in the short term but subject to positional
error accumulation over extended periods of time.

We show that our optimization-based integration exploits the benefits of the two, re-
sulting in pose accuracy free of drift. Furthermore, we integrate 3D scene constraints
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into our optimization, such as foot contact with the ground, resulting in physically plau-
sible motion. HPS complements more common third-person-based 3D pose estimation
methods. It allows for capturing larger recording volumes and longer periods of motion.
Our system can be used for VR/AR applications where humans interact with the scene
without requiring a direct line of sight with an external camera or to train agents that
navigate and interact with the environment based on first-person visual input, like real
humans. With HPS, we recorded a dataset of humans interacting with large 3D scenes
(300-1000 m2) consisting of 7 subjects and more than 3 hours of diverse motion.

This chapter is based on [GMSPM21]1, developed together with Aymen Mir with
equal contribution. Aymen Mir was responsible for developing the optimization frame-
work and IMU initialization, motion retargeting and alignment algorithms, while the
author of this thesis was responsible for developing the image data capturing and pro-
cessing pipelines, camera localization algorithm, method evaluation with external depth
cameras, and rendering algorithms for visualization. The dataset capturing and process-
ing responsibilities were distributed equally among both authors.

4.1 Introduction
Capturing the full 3D pose of a human, while localizing and registering it with a 3D
reconstruction of the environment, using only wearable sensors, opens the door to many
applications and new research directions. For example, it will allow Augmented / Mixed /
Virtual Reality users to move freely and interact with virtual objects in the scene, without
the need for external cameras. From the captured data, we could train digital humans that
plan and move like real humans, based on visual data arriving at their eyes. Moreover,
by relying only on egocentric data, we could capture a wider variety of human motion,
outside of a restricted recording volume imposed by external cameras.

The prevailing approach in vision has been to analyze humans from an external third-
person camera [PMR11, KBJM18, OLPM+18, APMTM19, LGK20, LHG+23, LIYK22].
Capturing with external cameras is undoubtedly a central problem in vision, but it has its
limitations – occlusions are a problem, and interactions across multiple rooms or beyond
the viewing area cannot be captured; consequently recordings are typically short.

We propose Human POSEitioning System (HPS), the first method to recover the full
body 3D pose of a human registered with a large 3D scan of the surrounding environ-
ment relying only on wearable sensors – body-mounted IMUs and a head mounted cam-
era, approximating the visual field of view of the human. Inspired by visual-inertial

1© 2021 IEEE. Reprinted, with permission, from [GMSPM21]
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Figure 4.2: Overview. We use IMU data, RGB video from a head mounted camera, and
a pre-scanned scene as input. We obtain an approximate 3D body pose using IMU data,
and use head camera self-localization to localize the subject in the 3D scene. We then
integrate the approximate body pose, the camera position and orientation, along with the
3D scene in a joint optimization to obtain the final location and pose estimates.

odometry and localization [LSB+15, JS11], as well as IMU-based human pose estima-
tion [PMBH+10, vMHB+18, vRBPM17], HPS fuses information coming from body-
mounted IMUs with camera pose obtained from camera self-localization [SLK17]
[SCSD19, TOS+21] (see Fig. 4.1). Instead of placing the camera towards the body
[RRC+16, TAP+20], we place it towards the scene, which allows us to capture what
the human observes together with their 3D pose. In comparison to third-person pose
methods, the body is not seen by the camera, which poses new challenges.

Pure IMU-based tracking is known to drift over time and camera localization produces
many outliers. By jointly integrating IMU tracking with camera self-localization, we
are able to remove drift [LSB+15, JS11], and recover the human trajectory when self-
localization fails. Furthermore, since we can approximately locate the person in the 3D
scene, we incorporate scene constraints when foot contact is detected. Overall, with HPS
we recover natural human motions, registered with the 3D scene and free of drift, during
long periods of time, and over large areas.

To demonstrate the capabilities of HPS, we capture a dataset of real people moving
in large scenes. Our HPS dataset consists of 8 types of environments - some being
larger than 1000m2, and 7 subjects performing a variety of activities such as walking,
exercising, reading, eating, or simply working in the office. The dataset can be used as a
testbed for egocentric tracking with scene constraints, to learn how humans interact and
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move within large scenes over long periods of time, and to learn how humans process
visual input arriving at their eyes.

We make the following contributions: 1) to the best of our knowledge, HPS is the
first approach to estimate the full 3D human pose while localizing the person within a
pre-scanned large 3D scene using wearable sensors. 2) we introduce a joint optimization
which integrates camera localization, IMU-based tracking and scene constraints, result-
ing in smooth and accurate human motion estimates. 3) we provide the HPS dataset,
a new dataset consisting of 3D scans of large scenes (some larger than 1000 m2), ego-
centric video, IMU data, and our 3D reconstructed humans moving and interacting with
the scene. Unlike existing 3D pose datasets, typically captured from a third-person view,
ours is captured from an egocentric perspective. We believe both HPS and HPS dataset
provide a step towards developing future algorithms to understand and model 3D human
motion and behavior within the 3D environment from an egocentric (or third-person)
perspective.

4.2 Method

Our goal is to recover the 3D body pose and location of a subject in a known scene from
egocentric measurements. To this end, our method requires as input: 1) a head-mounted
camera, 2) body-mounted IMUs, and 3) a pre-built 3D scan of a scene, along with a
database of RGB scene images with known camera parameters. Using camera data and
a 3D scene reconstruction (Sec. 4.2.1), our method localizes the person within a pre-
scanned 3D scene (Sec. 4.2.2), estimates their 3D pose using IMUs (Sec. 4.2.3), and in
a joint optimization step (Sec. 4.2.4) integrates camera localization, IMU pose estimates
and scene constraints, resulting in smooth and accurate human motion estimates. For an
overview of our method, see Fig. 4.2.

4.2.1 3D Scene Reconstruction and RGB image Database

To obtain a representation of the 3D scene, we use a standard commercial solution to
obtain a very dense scene point cloud: NavVis M6 [nav20] mobile capture system. It
makes use of 4 LiDAR sensors and 6 RGB cameras. The scene is reconstructed from
the LiDAR data and RGB images using a proprietary algorithm. The algorithm, in the
process, also provides the extrinsic and intrinsic parameters for all the RGB images,
which are later used for camera localization.

Potentially, other scene reconstruction methods using different sensors can be used
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Figure 4.3: Camera self-localization. We match the head camera image keypoints with
the keypoints from the prefiltered database with known 2D-3D scene correspondences.
We then localize the camera in the scene by minimizing a reprojection error of the key-
points. From top to bottom: head camera image (query), top-3 retrieved images from
a dataset, depthmaps rendered from the same position to map 2D database keypoints to
3D, synthetic view of the scene from the inferred camera position.
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Figure 4.4: Comparison of a real image from a database and a result of our rendering

– the exact type of the 3D scanning method is unimportant as long as it registers the
captured RGB images within the scene.

4.2.2 Camera Self-localization

The camera self-localization stage aims to estimate the position and orientation of the hu-
man head from a head-mounted camera. To scale to large scenes, we use a hierarchical
structure-based localization algorithm [SCSD19, SDMR20] (Fig. 4.3). It first identifies
a set of potentially relevant database images, i.e., images used to build the 3D scene
map, through image retrieval via global image descriptors. 2D-3D matches are estab-
lished between local features extracted using a keypoint detector in the query image and
3D keypoints visible in the top-Kloc retrieved images. To obtain 3D scene keypoints we
produced a rendering of the scene pointcloud for each image in the dataset using known
extrinsic and intrinsic camera parameters (Fig. 4.4). For rendering, we use the surface
splatting technique [ZPVBG01] with a fixed splat size. Together with the color render-
ing, we produce a point mapping of the image. The resolution of the map is the same as
the resolution of the color image. Each pixel of this map contains the index of the point in
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the pointcloud, which is visible in that pixel. As our scanners use fisheye cameras, photos
obtained from them are heavily distorted. This affects keypoint detection performance.
To alleviate this, we undistort both camera images and point mappings by generating a
mapping between our fisheye camera image plane and a fixed perspective camera plane.
Undistorted images are run through the keypoint detector, and each keypoint is mapped
to the position of the 3D point on the scan according to the aforementioned point map-
ping. 2D-2D matches between the query and the top-Kloc retrieved database images thus
yield the required 2D-3D matches.

These matches are then used to estimate the camera pose by applying a P3P solver
[KSS11, HLON94, KBP10] inside a RANSAC loop [FB81] with local optimization
[LMC12]. As a result, we obtain estimates for camera orientation RC and position tC.

4.2.3 IMU based Pose Estimation

We use a commercial inertial motion capturing system from XSens [PSRB18], which
uses 17 IMUs attached to the body with velcro straps or a suit. XSens IMUs provide
3D pose estimates, denoted as ωI and location estimates relative to the starting position
of a recording - denoted as tI , using a proprietary algorithm based on a Kalman filter
and a kinematic model of the human body to reduce drift. While it provides accurate
articulation, our experiments show that the global orientation and position drift signif-
icantly over time, and consequently, scene constraints are not satisfied (Fig. 4.5, 4.9).
Using acceleration information, IMUs also detect feet contacts with the ground, which
we integrate in our joint optimization algorithm.

4.2.4 Joint Optimization

The HPS optimization algorithm aims to find the pose parameters of the parametric
SMPL [LMR+15] body model, which satisfies the three conditions, namely:

• Camera localization results, which correlates to the head position;

• Scene constraints, imposed by the pre-scanned scene pointcloud;

• Motion temporal smoothness constraints, inspired by the physical properties of the
motion, such as limitation on acceleration or the fact the there is normally no foot
sliding while the foot is in contact with the surface.

Formally, the algorithm is a minimization task with the error function optimized with
respect to the poses ω1:T ↗R72T and the global translations t1:T ↗R3T of the body within
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Figure 4.5: Comparison of the trajectories of IMUs (in green) with camera self-
localization (in red). The yellow dot marks the start. Notice the red trajectory is free
of drift but has outliers.
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the window of T frames long:

E(ω1:T ,t1:T ) = wsel f Eself +wsceneEscene +wsmEsm +wIMU EIMU. (4.1)

Below we provide the description of each loss term.

Self-localization Term Eself: The camera position, detected using the image localization
method (Sec. 4.2.2), serves as noisy, but unbiased approximation of the head pose of the
subject’s body. This fact is used to constrain the motion in Eself term, by minimizing the
geodesic distance [vRBPM17] from the head camera orientation of SMPL model RC

(ω),
to the self-localization estimate RC over T frames:

Eself =
1
T

T

!
j=1

||(log((RC
(ω j))

↘RC
j ))

≃||2 , (4.2)

where the log denotes matrix logarithm operation from Lie group SO(3) to so(3), and the
≃ converts the skew-symmetric matrix to its axis-angle representation. Head pose RC

(ω j)

is obtained by first computing the head bone orientation RH : R72 ↓↔ SO(3) following the
kinematic tree (see Sec. 2.1.1).

Next, a mapping to camera orientation is computed, using a constant camera to head
offset estimated at frame 0, similar to previous works [vRBPM17, PMBH+10]:

RHC = (RH(ωI
0))

↘RC
0 . (4.3)

We find the desired mapping from pose to camera at a subsequent frame j as

RC
(ω j) = RH(ω j) RHC (4.4)

Scene Contact Term Escene: A foot contact is detected by IMU capturing system as a
peak in the acceleration of the leg [RLS09]. Using information about the feet contacts
and the scene landscape, we can improve the realism of the motion by forcing the foot
to stay in contact with the ground and prevent its sliding while the contact is detected. In
HPS, we do this by using an error term consisting of two subterms:

Escene = wcEcontact +wvEslide . (4.5)

We start by manually defining 4 vertex sets of the human model corresponding to the
toe and heel regions of each foot: Bk with k ↗ [1,2,3,4]. Then, we can define ck

j ↗ [0,1]
as a binary variable indicating if part k is in contact with the ground at frame j.
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We minimize the following contact error, which results in snapping the foot vertices
to the closest scene vertices while the foot is in contact:

Econtact =
1

4T

T

!
j=1

4

!
k=1

!
n↗Bk

1
|Bk|

ck
j||Mn(ω j,t j)→ v(n)⇐2 , (4.6)

where Mn(ω j,t j) denotes the nth vertex of the SMPL mesh at frame j and
v(n) = argmin

vs↗Vs

(||Mn(ω j,t j)→vs||2) computes the closest scene point vs ↗ Vs to the nth

vertex.
The motion of the foot in contact is also temporally constrained while in contact with

the scene to prevent sliding:

Eslide =
1

4(T →1)

T→1

!
j=1

4

!
k=1

!
n↗Bk

1
|Bk|

ck
jc

k
j+1||Mn(ω j,t j)→Mn(ω j+1,t j+1)||2 . (4.7)

Smoothness Term Esm: Together with the contact term, we ensure the physical realism
of the motion in one more way, by constraining the head pose, body rotation and global
translation change between frames:

Esm = wT ET +wGEG +wHEH , (4.8)

where the translation term equals:

ET =
1

T →1

T→1

!
j=1

||(t j → t j+1)||2 . (4.9)

and orientation terms are

EG =
1

T →1

T→1

!
j=1

||(log((RG(ω j))
↘RG(ω j+1)))

≃||2 (4.10)

and

EH =
1

T →1

T→1

!
j=1

||(log((RH(ω j))
↘RH(ω j+1)))

≃||2 (4.11)

with RG,RH : R72 ↓↔ SO(3) as root and head rotation functions respectively, which are
obtained from ω j pose parameters using the kinematic tree (Sec. 2.1.1).

Pose Term EIMU: The pose recovered by IMUs ωI captures the articulation of the body
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well, but is inaccurate for global orientation and translation, therefore we directly con-
strain the local pose parameters by the parameters derived from IMU capturing system.

EIMU =
1
T

T

!
j=1

√
(ω j →ωI

j)
↘B(ω j →ωI

j) . (4.12)

where B is an identity matrix with zeros at the diagonal entries corresponding to the root
joint.

4.2.5 Initialization and coordinate frame alignment

Achieving convergence in the optimization of non-convex functions is highly dependent
on the initialization. In our case, to solve the optimization problem stated in Eq. ((4.1)),
we need to properly initialize the translation and the pose parameters of the body.

We start by initializing the translation parameters t j using camera localization esti-
mates tC

j . Given that camera localization results are often noisy, we detect and remove
outliers by analyzing the translation velocity between each estimate and its inlier neigh-
bors. A result is marked as an outlier if its velocity exceeds 3m/s. This process is iterated
until convergence, after which outliers are replaced via interpolation.

For pose initialization, the simplest approach is to use the IMU pose estimate, ω j = ωI
j.

While this approach works reasonably well for the local joint angles, the global body
orientation often diverges from the camera self-localization trajectory, which is more
accurate on average despite the noise (see Fig. 4.5, 4.9). To address this, we align the
initial tangent directions of the camera self-localization and IMU trajectories and let the
optimization objective refine it further. The tangent directions are computed as

vC
j =

tC
j+# → tC

j

||tC
j+# → tC

j ||2
, vI

j =
tI

j+# → tI
j

||tI
j+# → tI

j||2
,

where # = 10 in our case. The root orientation ωI,G
j

∧

of the IMU pose is then corrected as
follows:

ωI,G⇒
j = (log(exp(vI

j ↑vC
j

∧

)exp(ωI,G
j

∧

)))≃ , (4.13)

where exp(vI
j ↑vC

j

∧

) is the planar rotation that aligns vI
j with vC

j . For stationary frames,
we use the correction derived from the last non-zero velocity frame.

Before the aforementioned initialization step, we need to align the IMU coordinate
frame with the 3D scene reference frame. For that, we find a planar rotation R⇒

A that
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Figure 4.6: Measured time drift between camera and IMU clap detections after synchro-
nization with the first clap.

aligns the SMPL head orientation at the very first frame RH(ωI
0) with the corresponding

camera orientation RC
0 , by minimizing the following objective:

R⇒
A = argmin

RA↗R
||(log(RARH(ωI

0))
↘RC

0 ))
≃||2 . (4.14)

where the set of possible solutions is defined as R = {exp(xϑ
∧

) : x ↗ R} where ϑ =

[0,0,1]↘ is the Z-axis (gravity) unit vector.

After alignment procedure, the IMU pose ωI
j and position tI

j estimate of each subse-
quent frame are transformed to the 3D scene reference frame using the following formu-
las:

ωI,G
j = (log(R⇒

Aexp(ωI,G
j

∧

)))≃ ,tI
j = R⇒

At
I
j . (4.15)
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4.3 Implementation details

4.3.1 Joint optimization framework

Our optimization framework is implemented as a sliding window algorithm with a win-
dow size of 100 frames with 99 frames step. This means that windows do not intersect
during the optimization phase, except for the last frame. This may introduce sudden
jumps between the windows. To address this, we set the translation and orientation of
the body on the first frame of the next window to be the same as the last frame of the pre-
vious window. The method is implemented in PyTorch using Adam optimizer [KB15]
with 100 to 2000 optimization steps per window. Using Nvidia V100 GPU, one gradient
step takes about 0.25 seconds.

4.3.2 Camera self-localization pipeline

For feature extraction and matching, we use SuperPoint [DMR18] and SuperGlue
[SDMR20] PyTorch implementation pretrained on MegaDepth [LS18] and ScanNet
[DCS+17] datasets. We detect 4096 keypoints at max for each image and perform 40
sinkhorn algorithm iterations at the matching stage. For database prefiltering we use
NetVLAD PyTorch implementation pretrained on Pittsburgh 250k dataset [TSOP15].
We select Kloc = 40 most similar database images based on the cosine distance between
query and database NetVLAD [AGT+16] descriptor. We use COLMAP [SF16, SZPF16]
software to minimize the reprojection error of the matched keypoints. Overall, the
pipeline takes around 3s to localize a frame at 1920 ↑ 1080 resolution using Nvidia
Q8000 GPU.

4.3.3 Camera calibration

To retrieve intrinsic parameters of the head-mounted camera, we take several photos
of a checkerboard pattern and use OpenCV [Bra00] camera calibration tools to get the
parameters. In our camera self-localization pipeline, we use an OpenCV camera model
with 2 radial and 2 tangential distortion coefficients.

4.3.4 IMU-Camera synchronization

To synchronize IMU and camera data, we ask each subject to clap at the beginning
of recordings. We detect these claps in both modalities to obtain synchronized starting
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frames. To check for time drift between the two data streams, we performed the following
experiment: we made a special 1-hour long recording with a subject clapping every
5 minutes. We synchronize our system with the first clap and measure the difference
in time we get for each consecutive clap after that. We noticed a small accumulation of
drift (Fig. 4.6) – around 87 ms per hour. We take this into consideration while performing
long recordings.

4.4 Dataset

HPS allows us to collect the HPS dataset - a dataset of 3D humans interacting with large
3D scenes (300-1000 m2, up to 2500 m2). Our dataset contains images captured from a
head-mounted camera coupled with the reference 3D pose and location of the person in a
pre-scanned 3D scene. We capture 7 people in 8 large scenes performing activities such
as exercising, reading, eating, lecturing, using a computer, making coffee, and dancing.
All subjects have agreed to release their data for research purposes. In total, the dataset
provides more than 300K synchronized RGB images coupled with the reference 3D pose
and location. Figure 4.10 shows qualitative results from our dataset.

4.5 Experiments

This section shows that HPS does not drift with time and distance traveled, is robust to
non-persistent camera localization outliers, and satisfies scene constraints (feet stay on
the ground during contact and do not slide).

Since this is the first method to track humans in large scenes, there exist no published
baselines to compare to, and ground truth 3D human pose and localization cannot be
obtained for unbounded areas like ours. Hence, we use depth cameras to obtain ground
truth dynamic point clouds of the human in a small sub-area of the scene. Subjects are
then asked to move freely in the large scene and return to the sub-area, where we can
evaluate accuracy and drift.

4.5.1 Quantitative Evaluation

Ground-truth Point clouds. We evaluate the accuracy of our method by comparing
our output SMPL mesh (including translation) with a dynamic ground-truth point cloud
of the person obtained from three synchronized and calibrated external Kinect depth
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Distance
traveled

IMU IMU + Cam
IMU + Cam

(filtered)
HPS

w\o scene
HPS

At start 6.85 9.24 10.48 7.21 5.20
70 m 54.49 742.32 6.93 6.48 4.60
200 m 69.02 136.81 5.93 5.80 4.26
380 m 108.44 32.17 6.15 5.69 4.53

Table 4.1: Drift and camera outliers: 3D error (in cm) for the subject standing in A-
pose after moving freely around the scene.

Distance
traveled

IMU IMU + Cam
IMU + Cam

(filtered)
HPS

w\o scene
HPS

At start 6.77 2189.75 10.05 9.19 6.44
70 m 51.57 569.71 21.75 20.68 15.96
200 m 61.11 719.44 7.34 6.67 4.76
380 m 100.44 261.72 12.59 11.96 10.07

Table 4.2: Drift and camera outliers (dynamic): 3D error (in cm) for the subject walk-
ing, standing and leaning on the table, after moving around the scene. Error is measured
from the dynamic ground truth point cloud to the result (3D mesh in motion). Rows
indicate distance traveled before evaluation.

cameras [Mic24]. We register the point cloud to the scene in three steps involving camera
self-localization, ICP, and manual correction. The system is set up in a way that it covers
all regions of the body and provides a 360⇑ view of the subject every 1/30 of a second
(Fig. 4.7).

To obtain the RGBD videos from Kinects we use a custom recorder written in C++ that
runs on a separate computer for each Kinect. To ensure time synchronization, Kinects
are connected sequentially through the special time synchronization input and recorders
are controlled over the wireless network. The video is recorded at 30 FPS with a color
resolution of 1920↑1080 pixels and a depth resolution of 640↑576 pixels.

To register the ground truth point cloud to the static 3D prescanned scene, we use the
following three-stage method:

• Visual localization: We obtain an approximate camera position for each depth
camera using the same visual localization method as the one used for the head
camera self-localization.

• Depthmap-to-scene ICP: We align the partial point cloud of each depth camera
with the scene using ICP [BM92]. ICP is initialized using the camera parameters
from the previous stage.
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B) Raw point cloudA) Input from Kinects

C) Filtered point cloud

Figure 4.7: Setup of our ground truth recording system. A) Sample images captured by
Kinects. B) The raw point cloud obtained by unprojecting the depth (RGB colors mark
points from 1st, 2nd and 3rd Kinects respectively. C) The point cloud after applying
background removal procedure.
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Metric IMU IMU + Cam
IMU + Cam

(filtered)
HPS

w\o scene
HPS

Distance to Surface 188.38 39.8 0.95 0.32 0.056
Foot Sliding 0.92 52.09 1.75 2.00 0.90

Table 4.3: Foot contact. For frames when foot contact is detected, we report (in cm)
Distance to Surface – average distance between foot vertices and the scene, and Foot
Sliding – average distance on the surface plane between foot vertices in two successive
frames. Numbers are computed for a 3 minute long walking sequence.

• Manual correction: Some results can still be erroneous due to depthmap artifacts
or due to incorrect ICP initialization. These results are corrected manually. As a
final step, we run ICP again.

Video recording preparation. Prior to the actual ground-truth video recording, we
recorded a short video of the scene from all Kinects with no one present in the field of
view. Frames are averaged, and average depth is used in 2 ways: in depthmap-to-scene
ICP alignment and in background subtraction.

Background subtraction. To compute our metrics using obtained point clouds we need
to make sure that we only get points corresponding to a subject. To achieve this, we
first subtract the background from depth videos by ignoring all pixels with depth more or
equal to the prerecorded empty scene depthmap. After that, we unproject the points from
all 3 Kinects to the 3D space and run DBSCAN [EKSX96] clustering with the maximum
distance between clusters of 0.12 meters. Finally, we remove all points that are not in the
biggest cluster. An example of the result is shown in Fig. 4.7. We report the bidirectional
Chamfer distance between the SMPL model (result) and ground truth point cloud from
depth sensors without Procrustes alignment.

Evaluation protocol. For quantitative evaluation, we record using the following pro-
tocol: a subject starts within the recording volume of the three RGBD sensors and per-
forms different actions including standing in A-pose, leaning on a table and walking.
The subject then leaves the recording volume and moves within the scene, returns back
and repeats the same actions inside that volume again. This is repeated several times,
each time choosing a different path.

Baselines. There are no established baselines to compare to, as no other method tackles
the same problem. Hence, to understand the influence of each component, we use the
following baselines: 1) IMU: pure IMU tracker, 2) IMU+Cam: pose from IMU, and
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Figure 4.8: Effect of integrating predicted 3D scene contacts. As a baseline we used
camera localization results for localizing SMPL model. Red regions mark closest surface
to feet, heels and toes are colored with light blue and blue when IMUs detect ground
contact.
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Figure 4.9: Global body orientation improvement. Combining the IMU pose with
position from camera localization (IMU+Cam (filtered)) results in unnatural motion–
the global body orientation does not face the direction of movement. By contrast, HPS
correctly estimates the the global orientation.

translation from camera self-localization, 3) IMU+Cam (filtered): Like IMU+Cam but
with filtered camera outliers (same as in Sec. 4.2.5), 4) HPS w\o scene: Optimization
without 3D scene contact constraints.

Drift and Outliers. In Tables 4.1 and 4.2, we compare HPS to the baselines. We ob-
serve that the IMU-only method drifts over time, particularly the global body translation
and orientation. IMU+Cam corrects drift with camera localization, but produces trans-
lation noise and severe jitter. IMU+Cam (filtered) mitigates this, but lacks precision and
suffers from global orientation errors (Fig. 4.9). HPS w\o scene further improves results,
but without knowledge about foot-scene contacts, it is easily misled by incorrect camera
localization, and the subject penetrates or flies over the ground. HPS results satisfy these
scene constraints, and consistently achieve the best accuracy. HPS is inaccurate when
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filtered camera localization fails for a long period (see 2nd and 4th rows of Table 4.2),
but it can recover once the camera can be well localized in nearby frames (see 3rd row
of Table 4.2). Overall, the analysis reveals that HPS does not drift (error does not in-
crease with distance traveled or time), and is robust to non-persistent camera localization
outliers.

Foot contacts. We also report in Table 4.3 the average foot-to-scene distance and foot-
sliding-along-the-surface distance during contacts detected with the IMUs. HPS better
preserves foot contact with the surface than the baselines, and has slightly lower foot
sliding compared to the raw IMU tracker, which also integrates constraints with a virtual
imaginary ground. Foot contacts in HPS result in stable and natural motion, see Fig. 4.8.

4.5.2 Qualitative evaluation

In Fig. 4.8 we show the effect of foot contact constraints. As we encourage contact with
the scene surface each time a contact is detected, the human mesh does not fly in the
air or penetrate the ground like the baseline. The motion is more stable and physically
correct. In Fig. 4.10 we show examples of humans performing different actions including
sitting, leaning on a table, dancing or performing push-ups.

4.6 Conclusions

We introduced HPS, to the best of our knowledge, the first method to estimate full body
pose registered with a pre-scanned 3D environment from only wearable sensors. We
demonstrate that HPS produces natural human motion, removes the typical drift of pure
IMU based systems, and is robust to non-persistent camera localization outliers. HPS
is able to continuously track humans in large scenes (300→1000m2) including multiple
rooms and outdoors.

The error of HPS does not accumulate with time or distance traveled. However, if
camera localization is inaccurate for long periods of time, HPS performance deteriorates.
This can be seen in the errors, which range from 4cm to 15cm. Two factors influence
localization accuracy: 1) Lack of features, 2) scene changes between the static 3D scan
and the real images, captured from the head camera.

While HPS achieves a remarkable accuracy and stability, many applications will re-
quire errors in localization and pose of less than 1cm. We envision many exciting re-
search directions to improve HPS. First, a local map could be built on the fly to update
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the large static scene with objects that move, and adding new objects. This would im-
prove localization and allow interaction with dynamic objects.

It is not inconceivable that, in the future, a dynamic 3D reconstruction of the world will
be stored on the cloud, and will be continuously updated from cameras worn by people
[Pro24]. Second, camera localization could incorporate semantics [BCC+18, ZBLD19],
e.g. detecting static and reliable objects. Third, while HPS integrates foot contacts,
scene constraints with other body parts can further improve results. More powerful
would be to learn a model to anticipate human intent to improve tracking. For exam-
ple, we could detect when the person is about to sit on a chair, or about to grab an object.
Conversely, HPS can be used to build models of environment interaction and navigation
[MAO+19, XZH+18] from human captures consisting of several hours, as we believe
natural behavior arises only during long recordings. Fourth, we want to combine HPS
with virtual humans of appearance [PLPM20, BTTPM19, MAPM20, BSTPM20] to gen-
erate realistic data for training and evaluation of 3D human analysis methods.

HPS is the first step in a new exciting research direction. As the HPS dataset and code
are released for research use, we hope it will foster new methods to perceive and model
scenes and humans from an egocentric perspective.
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Figure 4.10: Qualitative results of our method. Our method can localize and estimate the 3D pose of people performing
activities as diverse as exercising, dancing, reading, sitting, eating, talking in a range of indoor and outdoor scenes, all without
external cameras.
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Interaction Replica
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Figure 5.1: Interaction Replica (iReplica). iReplica estimates location and full 3d pose
of a subject within a large 3D scene and dynamically tracks changes made to the scene
by the subject - using only wearable sensors (left), removing the need of external sen-
sors. We obtain an approximate 3D human pose sequence using IMU sensors and use
head camera self-localization to localize the subject in the prescanned 3d interactive en-
vironment scene. iReplica predicts human-scene contacts and updates the scene in case
of interaction.

This chapter describes a follow-up of HPS, iReplica (published in [GCM+24]1), which
enables the wearable sensors system to capture human-object interaction for the first
time.

Our world is not static and humans naturally cause changes in their environments
through interactions, e.g., opening doors or moving furniture. Modeling changes caused
by humans is essential for building digital twins, e.g., in the context of shared physical-
virtual spaces (metaverses) and robotics. In order for widespread adoption of such
emerging applications, the sensor setup used to capture the interactions needs to be in-

1© 2024 IEEE. Reprinted, with permission, from [GCM+24]
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expensive and easy-to-use for non-expert users. This means that interactions should be
captured and modeled by simple egocentric sensors such as a combination of cameras
and IMU sensors, not relying on any external cameras or object trackers. To the best
of our knowledge, no work tackling the challenging problem of modeling human-scene
interactions via such an egocentric sensor setup existed before iReplica. This project
closes the gap in the literature by developing a novel approach that combines visual lo-
calization of humans in the scene with contact-based reasoning about human-scene inter-
actions from IMU data. Interestingly, we can show that even without visual observations
of the interactions, human-scene contacts and interactions can be realistically predicted
from human pose sequences. Our method, iReplica (Interaction Replica), is an essential
first step towards the egocentric capture of human interactions and modeling of dynamic
scenes, which is required for future AR/VR applications in immersive virtual universes
and for training machines to behave like humans.

5.1 Introduction

Current augmented and virtual reality (AR/VR) applications show promising potential:
interesting applications include collaborative developments, virtual meeting rooms, and
personal assistants that help users navigate the world. While it is clear that for an immer-
sive experience blending real and digital worlds is crucial, the current AR/VR experience
is restricted to small spaces, i.e., in general, a few square meters, possibly free from ob-
jects. But consider daily actions like moving across rooms, opening and closing doors,
or gathering chairs around a table. Even these simple actions are not easy to capture with
present technology, which limits the scope of AR/VR applications.

The predominant approach for 3D human motion estimation relies on external cameras
[KBJM18, JSS18, PZZD18, GNK18, IBLM19, KAB20, ZZB+21, LIYK22]. Yet, asking
non-technical users to mount and calibrate complex multi-camera systems is clearly in-
feasible. Body-mounted sensors, e.g., cameras and IMU sensors, seem much more ready
for mass adoption.

Prior egocentric trackers such as HPS [GMSPM21], EgoLocate [YZH+23] or HSC4D
[DLW+22] estimate human movement and position the person by combining head cam-
era visual localization with IMU-based pose estimation. Methods like HPS, however,
do not track scene changes. For example, if a person opens and walks through a door,
such methods will only localize the person but can not infer the door movement, creating
implausible reconstructions; see Figure 5.11, HPS.

In this work, we address, for the first time, the problem of human-scene interaction
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Estimating human-object interaction from
wearable sensors only

Sec. 4.1
Egocentric
Human
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Sec 4.2
Contact
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Supports
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Enable

GOAL:

Figure 5.2: Problem subdivision. We demonstrate that joint integration of different
sub-research problem improves and support each other. We show this is fundamental to
achieve our goal of estimating human-scene interaction from wearable sensors only.

capture from wearable sensors only. Localizing the person with sufficient precision to
track scene changes is hard, let alone estimating object motion. A major challenge is that
the object is often not visible or is only partially visible in the camera; see Figure 5.3.
In addition, since the head camera is in motion, the object’s motion relative to the static
world can not be directly inferred.

Since no external sensors can measure the scene changes directly, how can we predict
them? Our key observations and findings are that 1) contact poses are distinctive and can
be detected without visual clues, 2) knowing contact time stamps can regularize human
localization, 3) objects move when the human contacts them2. Motivated by this, we
propose iReplica - Interaction Replica, a novel human-centric method that automatically
localizes the human in the scene (1. egocentric human visual localization), detects the
time of contact and release with the object (2. contact time detection), and infers object
motion based on contacts and human motion (3. interaction modeling). While works
exist in each of these three sub-areas of research, no work integrates them simultaneously.

We needed several scientific innovations to integrate the aforementioned three sub-
areas of research successfully. First, we improve human visual localization from
Sec. 4.2.2 by optimizing the human trajectory to match reliable head camera poses and
detect spatio-temporal contacts. Second, we train a transformer-based contact time de-

2In this work we only consider static objects moved by the captured human.
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Interaction is visually implausible due to localization offset

Interaction is out of view Interaction is visible only partially Interaction is out of view

Schema Egocentric camera view

Figure 5.3: Challenges. Top row: The prediction of human-scene contacts (red cir-
cles) is hard because the interactions are frequently not in the camera view. Bottom
row: Virtual replica of human pose and localization by prior work HPS [GMSPM21].
HPS achieved great progress in localizing humans solely by wearable sensors (cam-
era+IMUs). However, for our task, the localization error of 4–16 cm (red lines) leads to
visually implausible results for scene interactions.

tection approach based solely on the human pose, which achieves a remarkable accuracy
of 0.91 and an average precision of 0.81. Third, based on the refined human visual local-
ization in the scene and the accurate contact predictions, we infer object motion coherent
with the human. Our results demonstrate that joint integration is beneficial (Fig. 5.2).
The contact time information can be used to regularize visual localization by forcing the
virtual human to contact the scene. Having precise human localization in the scene, along
with contact timestamps, allows us to infer 1) where contacts occur and 2) the object’s
motion without seeing the object or contacts in the camera.

During this project, we captured two new datasets. To train a contact detection method,
we captured a dataset of 8 subjects and more than 3 hours of human-scene interactions
annotated with contact time stamps. To validate our proposed method, we captured a
dataset with subjects moving and interacting with different objects in large 3D scenes.
Our experiments show that iReplica can capture, for the first time, full interactions, in-
cluding the human motion, its location within the 3D scene and the scene changes, all
from wearable sensors alone. We demonstrate that our human-centric approach outper-
forms baselines, which rely on SOTA camera-based contact detection or visual object
localization [DSZ+22, SGSF20].

In summary, our contributions are the following:

1. Novel Problem & Method: We are the first to tackle capturing human-scene inter-
actions while localizing the human in the scene from wearable sensors alone. We
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propose a method to address this problem, obtaining, for the first time, a digital
replica of the human interaction in the scene without any external cameras.

2. Novel Data & Metrics: We provide H-contact – a dataset of 2300+ human-scene
interactions with ground truth annotated contacts. Additionally, we provide Ego-
HOI – a dataset of human-scene interactions in scanned environments. We propose
metrics to measure the visual plausibility of reconstructed interactions and the ac-
curacy of contact prediction and object localization.

To foster progress in this new research area, we release the method code, the evaluation
protocol, and the datasets, including scans of the scenes, human motion capture aligned
with them, and annotated contact timestamps.

5.2 Problem Setting
Goal. We aim to estimate human-object interaction from wearable sensors only, with-
out information from external sensors, using only body-mounted IMUs and an egocentric
camera. This opens a broad set of interconnected challenges: how do we define the inter-
action? How do we detect the start and the end of it? And how do we track the object’s
motion without having sensors dedicated?

Assumptions. We assume a static 3D scan of the scene, along with a set of marked
interactive objects, knowing their initial position and degrees of freedom (e.g., a sofa can
slide on the ground but cannot be lifted, or a door rotates around a hinge). We refer to
this as interactive environment (IE).

Input/Output. We require a set of body-mounted wearable IMUs (we use 17 sensors
from XSens [PSRB18]) and a video stream from a head-mounted camera. Relying only
on wearable sensors lets us handle large scenes consisting of multiple rooms. Compared
to external cameras, wearable sensors are much more consumer-friendly as they are eas-
ier to set up. iReplica outputs a virtual replica of the interaction, i.e., coherent human
and object motion in the scene.

5.3 iReplica

Overview. We obtain initial localization and pose estimation for the person relying on
an improved version of HPS [GMSPM21] (Sec 5.3.1, Fig 5.4 A). Our method considers
only the human pose at each instant and predicts the probability of contact with an object
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A) Egocentric human visual 
localization in the scene

B) Contact detection & Contact-
based human trajectory correction

C) Interaction Modeling D) Contact end detection
(ending the interaction)

Figure 5.4: Overview of iReplica. iReplica estimates a subject’s location and full pose
within a large 3D scene and dynamically track changes made to the scene by the subject
– using only wearable sensors. We do so in 4 steps: A) We obtain an initial localization
of the subject in the IE by head camera self-localization. B) The start of the interaction
is predicted by a neural network. Predictions are provided as contact / no-contact classi-
fication of the subject’s hands (red and blue areas). The contacts are used to correct head
camera localization of the subject, snapping the human trajectory smoothly to the object.
C) The motion of the contacted regions is used to infer the object trajectory (green). D)
The network predicts the release, essential to stop object dragging. The algorithm is de-
tailed in Sec. 5.3.
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Figure 5.5: Contact prediction based on human pose. Interactions are frequently unob-
served in an egocentric view, see Fig. 5.3 (top row), making contact prediction ill-posed.
Instead, we propose to predict from sequences of full 3D human poses. We leverage a
transformer-based architecture that takes 61 frames {i→ 30, . . . , i+ 30} of SMPL pose
vectors of size S = 69 and predicts the contact probability for each hand for the middle
frame i. See Sec. 5.3.2 for details.

(Sec 5.3.2, Fig 5.4 B). Once the contact is detected, we model the object dynamically
as follows: we deform the human trajectory to match the object contact; the object is
attached to the human and driven in space according to its degrees of freedom (Sec 5.3.3,
Fig 5.4 C); when our method infers from the human pose the end of the contact, the
object is released (Fig 5.4 D).

5.3.1 Egocentric human visual localization.

Problem. Our method is built on a combination of IMUs and head-mounted camera
data. Previous methods rely on optimizations to get from these two modalities smooth
trajectories estimation [GMSPM21, JS11, LSB+15]. However, no previous approach
considers the human’s interaction with the scene nor shows extensions to incorporate
constraints coming from this. Also, if 10 cm of error (average for HPS) might not seem
much for human localization in a building, for human-object interaction (which is our ul-
timate goal), this can cause dramatic inconsistencies. Instead, we see (and take advantage
of) the relation between human localization and contact prediction: solving for contact
prediction supports human localization in large volumes; human localization helps detect
object contact in time and space.

Trajectory optimization. We start introducing an improvement over the HPS approach.
We deploy a simple optimization that is flexible and can be used to incorporate interac-
tion constraints. While we work with 3D trajectories, we consider a 2D optimization
since one dimension (gravity axis) is constrained by the ground of the scene. Consider
the trajectory described as a 2D curve l(∃) = (x(∃),y(∃)) defined in the time interval
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∃ = [∃start,∃end], and a list of K control points p = {pi = (xi,yi)}K
i=1 (constraints) at times

∃start ⇓ ∃1, . . . ,∃K ⇓ ∃end. We want to recover a new trajectory l̂(∃) = (x̂(∃), ŷ(∃)) that
gets close to the control points while not deviating too much from the initial trajectory.
We introduce an energy Etr that encodes the trajectory deviation in terms of angles.

Etr(l̂, l) =
∫ ∃end

∃start

(
d∀̂(∃)

d∃
→ d∀(∃)

d∃

)
d∃, (5.1)

where:
∀̂(∃) = atan2

(
dŷ
d∃

,
dx̂
d∃

)
, ∀(∃) = atan2

(
dy
d∃

,
dx
d∃

)
.

Concretely, Etr measures the difference between two trajectories at each instant in terms
of direction (angle) variation. We define the difference only in terms of angles since, as
pointed out in HPS [GMSPM21], the total distance tracked by the IMUs is well mea-
sured, while the curvature tends to accumulate drift over time.

We then correct the human trajectory by optimizing the following energy:

Ftr(l,p) = argmin
∀̂

(
K

!
i=1

(||l̂(∃i)→pi||2)+!Etr(l̂, l)

)
, (5.2)

where ! is the global rigidness coefficient, which encodes how much local angles should
retain the initial estimation: a lower value lets the trajectory freely bent to fit the control
points, while a higher value preserves the local curvature and promotes global rigidness
of the trajectory. To help the reader’s intuition, we report in Fig. 5.6 an example for
different values of ! . atan2 function is defined as

atan2(y,x) =






arctan( y
x) if x > 0,

arctan( y
x)+% if x < 0 and y ⇔ 0,

arctan( y
x)→% if x < 0 and y < 0,

+%
2 if x = 0 and y > 0,

→%
2 if x = 0 and y < 0,

undefined if x = 0 and y = 0.

Contact-based human trajectory correction. In iReplica, we perform the above opti-
mization two times. We consider the input trajectory recovered by the IMUs, and we op-
timize it using the control points returned by the camera localization. Then, our method
detects the moments of contact along the human motion sequence. For each detection,
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! = 5 ! = 1 ! = 0.1'

(

Figure 5.6: Trajectory fitting with bending energy. Bending trajectories with Ftr using
different rigidness coefficients ! , purple marks the original trajectory, green marks the
result, orange dots denote control points.

we select the nearest object in the scene within a reasonable range (e.g., 50cm). The con-
tact is ignored as a false positive if no object is that close. We select a contact point pc

as the closest point of the object to the contacting hand. Then, we rerun our optimization
again, considering pc as the only control point to satisfy.

5.3.2 Contact detection

Problem. The key ingredient for accurate localization is detecting when and where the
user interacts with an object. In this work, we purely focus on human poses (obtained
from IMUs) for contacts instead of relying on camera data for multiple reasons: (1) con-
tacts are often not visible, i.e., camera data alone is insufficient for the task. (2) IMUs
are cheaper and much more power-efficient than cameras. At the same time, process-
ing their lower-dimensional output requires significantly less compute (and thus power).
This makes purely IMU-based contact prediction very attractive for applications running
on mobile devices such as AR/VR headsets or robots. Naturally, combining inertial and
visual data should improve performance, similar to visual-inertial localization. However,
we leave this integration for future work and focus on IMU-only contact detection.
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Training data. Existing datasets for human-object contact prediction contain only a lim-
ited number of samples per object type [BXP+22], or only hand-held objects [TGBT20].
In our context, the interaction involves large objects appearing in real scenes. Hence, we
collect and annotate a training dataset (H-contact, Sec. 5.4.1) of ↖680k pose frames (> 3
hours) recorded with 8 subjects wearing IMUs and 12 different objects. Our dataset is
noticeably bigger compared to several other human–object and human–scene interaction
datasets (BEHAVE [BXP+22] contains ↖15k frames, PROX [HCTB19] ↖100k).

Transformer-based architecture. To predict contacts, we train a sequence-to-sequence
Transformer [VSP+17] to map a sequence of poses to a sequence of per-hand contact
probabilities. Specifically, we concatenate 61 SMPL pose vectors of size S = 69 in a
sequence, forwarding them to an MLP, appending the frame position as positional en-
coding, and processing them with a Transformer to output a sequence of contact proba-
bilities for each hand. We use a sliding-window approach, and at each instance, we retain
only the central (30th) prediction. The contact is considered active once the probability
reaches a certain threshold. The architecture is visualized in Fig. 5.5. To remove false
negatives, any gap of ⇓ 0.5s between two active contacts is filled (i.e. marked active).
This produced the best results on a validation set – see experiments Sec. 5.4.4.

While focusing on hands is not entirely descriptive of how humans interact with the
world, it covers most cases in which humans cause changes in their environments. Our
method can easily extend to other body parts; more detailed analyses are left for future
works.

Contact intervals. Each group of consecutive frames with active contact is considered
a contact interval. If the network predicts the end for one hand while the other is still
considered to be in contact, iReplica splits the contact interval into two interactions (a
two-handed and a one-handed one). Similar cases (e.g., interchanging hands) are treated
the same way. Likewise, our method can handle multi-object interaction.

Multiple Objects Interaction. The contact strategy described above naturally extends
to interaction with multiple objects. When the start of contact is identified, iReplica
considers the closest object within a 0.5 m radius (if any) and initiates the interaction,
which lasts for the whole contact interval. After the end of the contact, the object is
released, and the method waits for the next contact interval to proceed with the next
interaction.

To better distinguish between the objects and improve our robustness to false positive
interactions, the contact predictor of iReplica comprises a set of transformers, one for
each interaction class: one for the sliding objects and one for the hinged ones. These two
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networks work in parallel: when one detects a starting contact, the object search in the
neighborhood is performed only for the specific category. The contact is ignored if no
object of that class is identified in the user’s proximity.

Adding Hands Data If fine-grained hand positions are available (e.g., captured with
motion capture gloves), we can modify the algorithm to consider such data. Namely, we
replace the SMPL model with SMPL+H [RTB17], which has the same template body
mesh but provides additional 30 joints (3 joints for each finger) for detailed hand pose
representation. We additionally change the input of our contact prediction network to
accept vectors of concatenated body pose and hand pose parameters; therefore the input
becomes 61 vectors of size Ŝ = 159, adding 90 parameters of hands pose to each input
vector. No other architecture changes are made.

Training details. We train the network for 100 epochs with a batch size of 100 using
the Adam optimizer [KB15] with a learning rate of 10→3 and a binary cross-entropy
loss. The resulting architecture has 21.9k parameters and an inference time of less than
a second per minute of motion (3600 motion windows) on an Nvidia RTX 3090 GPU.

5.3.3 Interaction modeling

The benefits of iReplica’s pose-based contact prediction and human localization are best
visualized by dynamically adapting the scene changes as their consequence. Concretely,
when contact with an object is predicted, we attach the object to the user; its dynamic is
driven by human motion given through IMU pose and the object’s degrees of freedom
defined in the interactive environment. Below, we provide more details on the algorithm,
also depicted in Fig. 5.7.

Degrees of freedom. We model the degrees of freedom (DOF) of the motion of each
object to avoid unrealistic motions. For example, a door can only rotate around a specific
axis, and a sofa can only slide along the floor. While our model operates in a 3D scene,
we present all derivations in 2D since all the processed motions happen along the floor,
and any change in the direction orthogonal to the movement plane does not affect the
object trajectory and will be removed.

A) Two-hands interaction with sliding objects. We consider the point cloud of an
interactive object O ↗Rn↑3 that can be freely moved on a two-dimensional plane. When
the two hands contact the object, we denote the position of two keypoints corresponding
to the middle of each hand as hL = (xL,yL) and hR = (xR,yR) for the left and the right
hand, respectively, and h as the vector that connects hR to hL. When the human moves,
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A) Two-hand interaction  
with sliding objects

B) One-hand interaction  
with sliding objects

C) Interaction with 
hinged objects

Figure 5.7: Obtaining object trajectory from hand interactions. Colored dashed lines
denote hands trajectories, ∀ is inferred rotation angle, t is inferred object translation
vector

we register the new positions of the hands as h⇒L and h⇒R, together with the new connecting
vector h⇒. Then, we compare the hand configurations to recover a translation and a
rotation. Firstly, we define the translation t as

t = (x⇒R → xR,y⇒R → yR). (5.3)

Then, we compute the rotation angle as

∀ = arccos
(

hh⇒

|h||h⇒|

)
. (5.4)

Finally, we recover the 2D rotation matrix R∀ associated with the angle. The sign of ∀
encodes the direction of the rotation, and it can be obtained by taking the cross-product
between the vectors h and h⇒.

B) One-hand interaction with sliding objects. When only one hand h interacts with
the object, without any further information about the object’s physics (e.g., its friction
with the ground), it is impossible to recover the object rotation. Hence, given a new
configuration h⇒, we just compute the translation

t = (x̂→ x, ŷ→ y). (5.5)
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IMU data

Head mounted-camera videos Interactive scenes and posed humans

EgoHOI dataset

IMU data Human contact labels External camera videos

H-contact dataset

Figure 5.8: EgoHOI and H-Contact examples. For EgoHOI, we report for each times-
tamp the data obtained by the IMUs, the head-mounted camera frame, and the 3D posed
human inside the interactive scene. For H-Contact, we provide IMUs data, contact labels
for each hand, and recordings from external cameras.

C) Interaction with hinged objects. In this case, the object has a hinge positioned in
g = (xg,yg). When the contact begins at the point h = (xh,yh), we compute the vector h
that connects g to h:

h = (xh → xg,yh → yg). (5.6)

When the human moves, we register the new position of the contact point h⇒ and accord-
ingly recompute the connecting vector h⇒. Then we compute the angle ∀ between h and
h⇒ as in Equation (5.4), and we recover the associated rotation matrix R∀ .

After obtaining these transformations, we apply them to the first two coordinates of
each point of the object O.

O⇒ = R∀O+ t (5.7)

5.4 Experiments

5.4.1 Datasets

In this work we captured and annotated two new datasets: H-contact and EgoHOI,
which we release together with our annotation tool.

H-contact is a dataset of human–object interactions, designed to serve as a training set
for our contact predictor. We captured and annotated more than 2300 human–object
interactions in > 3 hours of recordings divided into 30 uninterrupted sequences. A total
of around 680k frames, providing interaction for 8 subjects and 12 objects, whose lengths
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Figure 5.9: Annotation tool. The user views the RGB video frames (right) and annotates
the start and the end of contact interaction (left). To help with disambiguating occlusions,
the tool also shows the 3D pose (center) together with the annotated presence of contact
for each hand (green circles).

range from 1 to 19 seconds. To obtain ground-truth contact labels, we built a GUI-based
annotation tool for this task. Using synchronized video from an external camera, we
asked annotators to define the contact classifications.

Egocentric Human–Object Interactions (EgoHOI) is a dataset of humans performing
everyday interactions with objects in real scenes recorded with wearable sensors. The
sensors are placed directly on the human to allow for large recording volumes not re-
stricted by external camera placement. The wearable setup consists of the IMU-based
motion-capturing suit Xsens Awinda [PSRB18], allowing us to obtain human pose se-
quences, and a head-mounted RGB camera for visual localization of the subject in the
scene. The dataset also includes the related interactive environments (IE): a 3D scans
of the scene, segmented objects and their degrees of freedom. EgoHOI contains inter-
actions with 14 objects (tables, windows, doors, drawers, sofas, chairs, etc.) in multiple
IEs for a total of more than 100k motion frames. We also recorded RGBD data from an
external multi-camera setup to measure reconstruction accuracy.

Examples from the Datasets. In Fig. 5.8 we report some examples from the H-contact
and EgoHOI datasets. For H-contact, we provide IMU measurements, SMPL parameters,
contact annotations, and external camera recordings. For EgoHOI, we provide interactive
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scenes, recordings from head-mounted RGB cameras, IMU data, as well as contact labels
and GT final object positions (for evaluation purposes).

Annotation Tool. Fig. 5.9 is a screenshot of our annotation tool created for preparing
the H-contact dataset. Given a video frame (right) and the reconstruction (center), the
user can annotate contacts by clicking on the interacting hands. The annotator can seek
forwards and backward in the video, and the 3D reconstruction helps to disambiguate
occluded poses. On average, it takes around 2-4 seconds to annotate 1 second of video.

5.4.2 Implementation and Performance

We implement our algorithms in Python using the PyTorch [PGM+19] library for the
contact prediction network and the bending energy optimization algorithm. For the latter,
we use the Adam [KB14] optimizer with 1000 iterations, with the learning rate and the
rigidness coefficient ! acting as hyperparameters.

The most computationally expensive part of our algorithm is the visual localization
pipeline needed for HPS, requiring 8 seconds per frame on an NVIDIA Q8000 GPU,
while the other steps take little additional time. Such a computationally expensive pipeline
provides good localization results and supports our exploration. Note that the perfor-
mance of the visual localization network itself is not the focus of our study, and we
expect that more efficient alternatives can replace this algorithm in the future.

5.4.3 Baselines

Due to the novelty of the proposed human-object tracking task, no published baselines
exist. Therefore, we introduce novel baselines and describe them below.

HPS. We compare to HPS [GMSPM21] that localizes the human within the prescanned
scene using the images of the head-mounted camera. HPS does not reason about human–
object interactions and does not track scene changes.

HPS w/ GT combines HPS with ground-truth data to predict the object’s motion. In this
baseline, we assume that an oracle provides the ground-truth final object position, as well
as the time window of the interaction. We stress that neither of these is available at infer-
ence time in our setting, and our method does not rely on them. Then the human motion
is solely estimated using HPS, and the object movement is modeled using linear interpo-
lation for translation and spherical linear interpolation (Slerp [Sho85]) for rotation. By
inspecting the qualitative results, we see that motion between humans and objects hap-
pens asynchronously and, therefore, unrealistically. This baseline shows that, even in the
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presence of further assumptions, modelling the object trajectory is non-trivial. It is clear
that human motion is rarely linear, and more sophisticated techniques are required.

HPS w/ RGB Obj. Loc. localizes the object using solely the RGB frame from the
head-mounted camera. In this baseline, we assume that for each frame of the head-
mounted camera, we have a perfect 2D segmentation mask for the object, obtained by
semi-automatic annotation using an interactive segmentation pipeline [SPBK20]. Then
we use the same localization method [SCSD19] as HPS to provide a 6-DoF localization
of the object w.r.t. the human. Starting from the dataset of images with the known object
positions in the pre-scanned scene, the algorithm establishes correspondences between
those images and frames from the head-mounted camera. The head-mounted camera is
then localized by minimizing reprojection loss. Next, the object’s location relative to the
camera is recovered by matching and optimizing with only the 2D key points inside the
object mask. This information is combined with the camera position to recover the ob-
ject’s location in world coordinates. This baseline highlights that the camera is unreliable
for localizing the object in the space. Detecting local landmarks is dramatically harmed
by occlusions, head shaking, and the object missing in several frames.

iReplica w/ HOD. Given the availability of a head-mounted camera, we explore the pos-
sibility of using it to predict contacts. In this baseline, we replace our pose-based contact
predictor with HOD [SGSF20], a method trained on many YouTube videos. Starting
from a single RGB image, it predicts a full set of hand interaction properties: hands
bounding box, object bounding box, and the contact state for each hand. We keep the rest
of our method fixed except for the contact prediction part. The original paper [SGSF20]
shows several results from an egocentric perspective, but it also mentions failure cases
when hands and objects are close to each other. We confirm this by qualitative inspection,
noting that the method loses contact with the object during the interaction.

iReplica w/ VISOR. Given that HOD is trained on a variety of videos, which also
include extrinsic views, we deploy a similar baseline but rely on an RGB method specif-
ically trained on egocentric views. Specifically, we consider the baseline trained for the
HOS challenge3 on the VISOR [DSZ+22] dataset. This baseline relies on PointRend
[KWHG20] segmentation method, augmented with auxiliary detection heads to predict
the contact, following the same idea as HOD [SGSF20]. As in the previous baseline, we
replace our pose-based contact prediction, leaving other parts of the method untouched.
However, also in this case, we observe missing contacts and wrong release prediction,
often causing human penetration (e.g., crossing the door).

3https://github.com/epic-kitchens/VISOR-HOS
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time Interaction 1 Interaction 2 Interaction 3

Head camera view Head camera view Head camera viewiReplica iReplica iReplica
Figure 5.10: Qualitative results. We show three examples of human interaction, pairing the head-mounted camera view with
the interaction modeling achieved by iReplica. The object is not always visible during the interaction (Interaction 1), hand
grasping can be difficult to understand from the camera (Interaction 2), or object occludes a majority of the first person view
(Interaction 3). By relying on human-centric contact detection, iReplica achieves reliable modeling in all these challenging
scenarios. Please see our video for more results.
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HPS HPS w/ RGB Obj. Loc.HPS w/ GT iReplica w/ HOD iReplica w/ VISOR iReplica (Ours)

Figure 5.11: Qualitative comparison. We compare iReplica (ours) to the baseline meth-
ods (interacted object highlighted in red for visual clarity). For the sofa sequence (top
row) no baseline can track the sofa and correctly place the subjects‘ hands. Similarly,
the door (bottom row) is incorrectly placed by all baselines, and the hand is not in con-
tact with the handle. In contrast, iReplica obtains visually plausible results by adjusting
human and object locations to satisfy contact constraints.

5.4.4 Results

Qualitative results. Fig. 5.10 shows our results for sample frames from multiple-scene
interactions. Our results show that egocentric motion data alone can localize the human
in the scene, model the interaction between the human and objects, and update the scene
accordingly. Our contact predictor allows iReplica to estimate object tracking only based
on the human pose; e.g., doors, chairs, and windows can be interacted with in the scene.

Fig. 5.12 highlights the features of iReplica on the sequence, recorded to simulate
a realistic and natural scenario. iReplica does not assume a single object interaction:
instead, it applies to interactive scenes where many objects can be differently re-arranged
by the interaction (e.g., table, chair). iReplica also works with objects with non-linear
motion in space, for example, the doors that might start and end their movement in the
same place. In this case, for example, an interpolation baseline would not provide any
object dynamic since the initial and final configurations are the same. Instead, iReplica
tracks the full trajectory of the object. iReplica allows the user to move in the space
freely and interact naturally as in everyday life.

Qualitative comparisons to baselines. Fig. 5.11 visually compares iReplica to our
baselines by showing individual frames from some of the interactions.

HPS does not track scene changes and thus obtains unrealistic motions. For example,
the door opening is not tracked. The subject should have opened the door with the handle,
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Error ↙ Method Door Sofa Table Box All

Distance
(in cm)

HPS 79.27 69.54 25.31 41.92 60.81
HPS w/ RGB Obj. Loc. 28.66 1684.06 119.59 — 597.83
iReplica w/ HOD [SGSF20] 57.50 55.78 1.62 3.33 38.58
iReplica w/ VISOR [DSZ+22] 43.40 66.74 5.98 11.31 39.59
iReplica w/o Contact corr. 18.54 11.70 1.84 7.79 11.68
iReplica (Ours) 9.97 6.66 0.90 7.09 6.88

Angle
(in °)

HPS 109.19 23.53 12.16 3.76 46.89
HPS w/ RGB Obj. Loc. 34.36 118.02 60.08 — 61.43
iReplica w/ HOD [SGSF20] 75.74 7.74 0.78 2.71 28.41
iReplica w/ VISOR [DSZ+22] 56.64 17.36 2.87 12.78 27.27
iReplica w/o Contact corr. 22.16 5.83 0.88 4.81 10.28
iReplica (Ours) 12.94 5.83 0.43 4.81 7.13

Table 5.1: Object localization accuracy. Distance (in cm) and angle (in °) between
object center at the end of the interaction in the GT pose and object center in the pose
predicted by the algorithm.

Method Door Sofa Table Box All
HPS 46.00 38.32 26.35 6.64 33.61
HPS w/ GT 17.28 6.90 7.55 6.74 10.44
HPS w/ RGB Obj. Loc. 65.26 724.63 136.27 — 287.12
iReplica w/ HOD [SGSF20] 48.42 35.96 13.31 5.52 31.26
iReplica w/ VISOR [DSZ+22] 33.76 51.14 13.39 3.84 31.17
iReplica w/o Contact corr. 18.15 9.80 6.89 5.45 11.37
iReplica (Ours) 2.83 1.46 3.49 5.49 2.93

Table 5.2: Visual plausibility of human-scene interaction. Mean distance between the
object and the contacting hand (in cm) over the interaction time.

Contact predictor AP ∝ Precision@0.5 ∝ Recall@0.5 ∝ Accuracy@0.5 ∝
HOD [SGSF20] 0.044 0.251 0.818 0.364
VISOR [DSZ+22] 0.217 0.313 0.098 0.732
POSA [HGT+21] 0.033 0.115 0.716 0.297
Ours 0.807 0.786 0.880 0.905

Table 5.3: Contact prediction performance. Metrics obtained on our test set with sub-
jects that are not appearing in training data.
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Figure 5.12: Features of iReplica. iReplica handles different kinds of challenges. It can
be naturally applied to interactions involving several objects (e.g., arranging a table and
a chair), objects that have a cyclic behavior in the scene (e.g., doors that open and close
several times), and general daily interactions where the user freely moves in the space
(e.g., walking to the kitchen, pushing a table).

but the door is still closed. (Fig. 5.11, door). Or the sofa is dragged by the subject, but
the object stands still. The sofa, therefore, is visibly not in contact with the subject’s
hands (Fig. 5.11, sofa).

HPS w/ GT linearly interpolates the object motion given ground-truth object start and
end pose and contact times. The resulting interaction is not visually plausible due to
a large mismatch between the subject’s hands and the sofa. Human-scene interaction
motion is highly non-linear, so linear approximations seem unrealistic; this is also proven
by the user study below.

HPS w/ Obj. Loc. fails to detect the accurate object position during the interaction,
resulting in misaligned results, to the point that it fails to localize the object at all (e.g.,
Tab. 5.2, Box).

iReplica w/ HOD and iReplica w/ VISOR both suffer from false negatives, resulting in
a sudden contact loss in the middle of the interaction and missed contacts between object
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and subject.
iReplica ensures that the subject’s hands are close to the object during the whole in-

teraction – a key aspect of visual plausibility not achieved by the baselines. This shows
the value of iReplica’s correction of the human trajectory based on the human–object
interaction.

Reconstruction quality compared to real scenes. We quantitatively validate iReplica’s
object and human localization results in terms of the reconstruction quality with respect
to the original scene. We measure deviations from the virtual replica to the real scene
using the EgoHOI dataset. Tab. 5.1 shows the object localization accuracy at the end of
the interaction, where the GT object pose was annotated. On average, iReplica improves
the results considerably (col. All). All object types are localized with a distance below
10 cm and an orientation error below 13 degrees.

Ablation of Contact-based human trajectory correction. We ablate the contact-based
human trajectory correction by excluding it from iReplica. We report the results in Tables
5.1 and 5.2 (iReplica w/o Contact corr.). The method greatly benefits from the proposed
correction.

Visual plausibility. To measure the visual plausibility of iReplica results compared to
the baselines, we consider the contact between the human and the object. In particular,
we measure the mean distance from the object to the interacting hand, see Tab. 5.2.
iReplica keeps this distance below 3 cm. Tracking contacts and using them for attaching
the object to the human motion creates the lowest distances.

Contact prediction accuracy. We benchmark the accuracy of iReplica contact predic-
tion in isolation in Tab. 5.3, comparing it to our two RGB contact prediction baselines,
HOD [SGSF20] and VISOR [DSZ+22]. We treat the network predictions as probabilities
in a binary classification task and compute 4 metrics: Average Precision (AP), Precision,
Recall and Accuracy on the binarization threshold of 0.5.

Our contact prediction, solely based on the 3D human pose, significantly outperforms
the RGB-based reasoning - one cause is that interaction is not always visible in the cam-
era. Once more, we remark on how 3D human poses in isolation is a highly informative
indicator of interaction contacts.

In Tab. 5.3 we additionally present a comparison with a method of contact detection
appearing in POSA [HGT+21]. POSA presents a human-scene interaction model that
can be used as a prior for human placement in the scene. Compared to iReplica, POSA
has a different goal and applications: it does not consider dynamic interactions, works
only with one human pose frame at a time and is focused on static scenes. However, this
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t Error (cm)
0.00 13.61
0.25 8.49
0.50 7.13
1.00 8.86
2.00 8.86

Table 5.4: Contact interval study. The maximum gap to fill between two active contacts
(in seconds) and the resulting positioning error of iReplica on the validation set (for
EgoHOI dataset).

is the closest baseline for our task of temporal pose-based interaction prediction. For a
fairer comparison, we finetune the POSA model on the same training subset from the
H-Contact dataset used for iReplica; we also average contact prediction scores from a
selected region of each hand and treat this as a per-hand contact probability.

The comparison shows that the POSA model could not estimate contacts reliably, even
after finetuning it on our training data. One possible reason for this could be that this
method works with single frames, which leads to prediction uncertainty for many poses,
while iReplica’s transformer-based model considers a one-second window of motion.

Contact interval study. To remove false negatives, we post-process the predicted se-
quence and fill in gaps between active contacts that are shorter than a certain threshold
t. To determine the optimal value of t, we conducted an experiment on a validation
set of EgoHOI. The results are reported in Table 5.4. We found that, according to the
experiments, value of 0.5s performs the best.

User study. To measure the realism of the motion produced by linear interpolation, we
did a user study and asked 73 respondents to rank the interactions produced by iReplica,
HPS w/ GT and HPS by realism. Each participant was given 9 questions, each showing
results generated by two methods side-by-side in a random sequence. iReplica results
were preferred in 84.2% of the cases, proving that our body-driven object tracking pro-
duces more realistic interaction.

External Camera Evaluation. To additionally measure the human-object localization
accuracy of our method, we recorded a special sequence with ground-truth data obtained
via an external multi-view system of 3 depth cameras. The experimental setup closely
follows the one used in HPS, however we capture the full dynamic object interaction
while in HPS only the human body motion and the static scene was captured.

We use 3 calibrated Azure Kinect [Mic24] RGBD sensors. By combining the outputs
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Human to GT Ebody ↙ Object to GT Eob j ↙
HPS 9.771 22.651
iReplica (ours) 8.981 8.471

Table 5.5: Human and object tracking quality w.r.t. the real scene: Mean 3D error (in
cm) between tracked and moving human/object models compared to the real scene. The
scene is captured via a synchronized, multi-view RGBD video recording setup observing
the interaction.

of these sensors, we obtain a sequence of 3D point clouds of the scene and a subject.
The Azure Kinect features built-in temporal synchronization, but to merge the output
of the sensor into the scene ground truth representation, we also need to calibrate them
spatially. For that we use a three-stage localization pipeline, similar to HPS in Sec. 4.5.1.
Using the obtained positions of the sensors, the point cloud representation of the scene is
formed by unprojecting depth maps from all 3 sensors to 3D. To perform the evaluation,
we manually synchronize the time between the iReplica motion sequence and the afore-
mentioned point cloud representation. For each frame of the test sequence, we separately
measure object and human localization error Eob j and Ebody:

• Eob j: mean Chamfer distance from the object point cloud to the ground-truth point
cloud,

• Ebody: mean Chamfer distance from the human body SMPL mesh to ground-truth
point cloud.

Results are presented in Table 5.5. Since HPS models only humans, the large error
from the object ground truth is not surprising. Although HPS and iReplica share the
same camera localization principle, we observe that our iReplica improves human lo-
calization. This validates that using the detected human–object interaction to adapt the
human localization trajectory helps to improve reconstruction correctness. Moreover, it
drastically enhances visual plausibility, as explained in the qualitative analysis.

5.5 Discussion and Conclusion
In this chapter, we proposed the novel problem of capturing human-scene interactions
and dynamic 3D scenes solely from wearable sensors - that is, IMUs and a head-mounted
camera, and not relying on any external cameras or object trackers. We show that ego-
centric data alone can be used to localize the human in the scene, model the interaction
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with the objects, and update the scene accordingly. iReplica enhances results of human
localization from HPS, correcting that the human and the interacted object are close to
each other.

Future work and Limitations. Our simple method has some natural limitations, which
point to interesting future directions. Our approach does not consider physics or colli-
sions, which future work can investigate using simulations similar to those available in
game engines. Our work relies on a prescanned IE, in which objects degrees of free-
dom are known a priori. Incorporating environment reconstruction (e.g., SLAM-based
models) and on-the-fly segmentation (e.g., ScanNet) could remove these assumptions.
Finally, our paradigm does not consider more complex interactions and object manipu-
lations (e.g., articulated, non-rigid). This would be an exciting research direction, espe-
cially in light of the recent availability of human-object datasets [FTT+23].
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Human Motion Diffusion from
Head-Mounted Device (HMD2)

t

Input from a single 
Head-Mounted Device

Generated  full-body motion 

Figure 6.1: We propose HMD2, the first system for the online generation of full-body
motion using a single head-mounted device (e.g. Project Aria Glasses) equipped with an
outward-facing camera in complex and diverse environments.

This chapter investigates the generation of realistic full-body human motion using a
single head-mounted device with an outward-facing color camera and the ability to per-
form visual SLAM. To address the ambiguity of this setup, we present HMD2, a novel
system that balances motion reconstruction and generation. From a reconstruction stand-
point, it aims to maximally utilize the camera streams to produce both analytical and
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learned features, including head motion, SLAM point cloud, and image embeddings. On
the generative front, HMD2 employs a multi-modal conditional motion diffusion model
with a Transformer backbone to maintain temporal coherence of generated motions, and
utilizes autoregressive inpainting to facilitate online motion inference with minimal la-
tency (0.17 seconds). We show that our system provides an effective and robust solution
that scales to a diverse dataset of over 200 hours of motion in complex indoor and outdoor
environments.

This chapter is based on [GJH+25]1 led by Vladimir Guzov jointly with Yifeng Jiang,
with equal contribution: Vladimir Guzov’s contributions are autoregressive motion infer-
ence, image conditioning module and motion postprocessing algorithms, while Yifeng
Jiang contributed with scene conditioning module and motion preprocessing algorithms.
Both authors contributed equally to diffusion architecture design and method evaluation.

6.1 Introduction

Wearable devices such as smart glasses promise to become the cornerstone of next-
generation personal computing. A key challenge is accurately interpreting the wearer’s
motion from the device’s limited input signals, taking into account the social and envi-
ronmental context at the moment. The capability to generate full-body movements solely
from a single head-mounted device (HMD) in real-time, outdoors and indoors, will open
the door to many downstream applications, including telepresence, fitness and health
monitoring, and navigation.

State-of-the-art methods, such as EgoEgo [LLW23], have shown visually impressive
results in a similar context. However, these systems operate offline, are optimized for
generating short windows of motion, and are mostly trained on a small set of indoor
motions. More crucially, they utilize the head-mounted camera only for head pose esti-
mation, missing the opportunity to harness additional image features of the environment
and of the wearer’s own body.

We introduce HMD2 (Human Motion Diffusion from Head-Mounted Device), the first
system, to our knowledge, capable of online generation of full-body movements from a
single HMD (Project Aria Glasses [ESG+23]), conditioned on outward-facing egocentric
camera streams in diverse environments. Given that such devices provide limited obser-
vation of the body and surroundings, the critical question is how to maximally utilize the
input. Our approach reuses input data to generate features across different modalities,

1© 2025 IEEE. Reprinted, with permission, from [GJH+25]

64



6.1 Introduction

covering independent aspects of the environment and motion. Specifically, from the in-
put streams, we mix and match analytical and learning toolboxes to extract 1) wearer’s
head motion from off-the-shelf real-time visual SLAM; 2) environment feature points as
a by-product of SLAM, important for motion disambiguation in complex scenes; and 3)
head camera image embeddings (e.g. using CLIP [RKH+21]) for additional scene clues
and intermittently visible body parts.

However, full recovery of the wearer’s motion is still highly under-constrained, given
our input. Our system takes a generative approach and adopts a diffusion-based Trans-
former backbone to strike a balance between motion reconstruction and motion genera-
tion. This allows for the generation of diverse outcomes, such as varying leg movements,
from identical inputs. Additionally, our diffusion model can predict motions with mini-
mal future sensor information (0.17 seconds), facilitating online and real-time use cases.

Contrary to evaluations using large synthetic datasets or small-scale real-world datasets,
we train and test our system on the extensive 200-hour real-world Nymeria dataset
[MYH+24] recorded with publicly available head-mounted device, containing various
indoor and outdoor activities performed by over 100 subjects with diverse body sizes and
demographics. While most existing research on motion tracking is evaluated solely based
on reconstruction accuracy, we acknowledge the inherent ambiguity in our problem and
evaluate our system on generation fidelity and diversity as well. Our contributions are
summarized as follows:

1. We present a novel application of online full-body motion generation from a single
HMD. The multi-modal feature streams extracted from the device serve as a key
ingredient for the system’s success across a diverse set of environments.

2. We employ a multi-modal conditional motion diffusion backbone, effectively bal-
ancing between accurate motion reconstruction and the diversity and fidelity of
synthesized movements.

3. We demonstrate the adaption of a time-series motion diffusion model for online
autoregressive inference through inpainting, eliminating the dependency on future
sensor input and achieving minimal latency.

4. We evaluate the proposed system with large-scale, real-world Nymeria [MYH+24]
dataset and achieve state-of-the-art performance for single-HMD motion genera-
tion.
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6.2 Method

Figure 6.2: Overview: HMD2 generates realistic full-body motion that aligns with the
signals from a single head-mounted device. Using the image streams from the egocentric
camera and head trajectory with the feature cloud from the onboard SLAM system, we
employ a diffusion-based framework to generate the wearer’s full-body motion.

We introduce a diffusion-based framework for generating full-body motion based on
multi-modal signals from an HMD, like the Project Aria Glasses [ESG+23]. As shown
in Fig. 6.2, our system uses device with an outward-facing camera, capable of real-time
SLAM [Pro23] (which may utilize other sensors) which produces a 6D pose trajectory,
and a spatial map of the environment represented by an aggregated point cloud. We ex-
tract contextual information from both the environment point clouds and the egocentric
video stream, using a CLIP encoder [RKH+21] for image embedding and an indepen-
dently trained point cloud autoencoder for spatial map embedding to supplement the 6D
pose.

Given the under-constrained nature of the task, we employ a diffusion model [HJA20]
with a time-series Transformer encoder [VSP+17] to model the motion distribution. To
ensure temporal consistency during streaming, we use autoregressive inpainting during
denoising, aligning new body motion with previous predictions.
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Figure 6.3: A typical input sequence from egocentric camera with only few body parts
of the wearer intermittently visible, rendering standard full-body reconstruction network
backbones ineffective.

6.2.1 Multi-modal Scene and Motion Conditions

Our model is trained to align its output with three modalities of features, all of which are
streaming frame by frame to allow infinitely long motion generation. For each frame,
the inputs include a head pose (t,R) ↗ SE(3) representing the head’s position and ori-
entation, a color image I from the camera, and a set of SLAM feature points S ↗ RN↑3

of the surrounding scene. We concatenate features per-frame and process the resulting
vector with a linear layer. We elaborate on each modality and their respective design
considerations below.

Head Pose Trajectory. The device pose provides precise spatial location and move-
ment of the wearer’s head. We augment the device pose vector with its linear and an-
gular velocity vector (v,ϖ) computed from finite differences to form p = {t,R,v,ϖ}.
We canonicalize each window of {p}0,1,··· ,T to its first frame p0, allowing the model to
function in arbitrarily large spaces and generate infinitely long sequences. This is crucial
for navigation in a multistory building or outdoor hiking with large elevation changes.

Camera Image Embeddings. Beyond the head pose trajectory derived from visual
SLAM, the egocentric camera images offer additional valuable information. For exam-
ple, when a body part becomes visible, the image provides a strong cue of the wearer’s
pose. However, direct utilization of the image content proves less useful, as it may cap-
ture distracting texture details when all we need is high-level semantics such as “the
left hand is above the waist.” Empirically, we found that CLIP embeddings [RKH+21],
EI(I), provide a significant performance boost to the learning process while avoiding
overfitting to superficial image characteristics.

It is important to emphasize that embeddings provided by human-related backbones,
such as networks trained for pose reconstruction from monocular videos, will not work
well in our case. Figure 6.3 shows a typical input camera sequence when parts of the self-
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body (hands in this example) are visible. This differs significantly from downward-facing
egocentric cameras, which observe most of the body. This discrepancy leads to failures
in existing network backbones for full-body motion, and it may be tempting to assume
that such input might not be useful for full-body motion reconstruction. However, high-
level descriptions of the images that contain scene information, such as “hand reaching
to the sink” (which is typically at a standard height) or “a person kicking a football
(implicitly indicating that the wearer might also soon interact with the ball)”, are actually
quite useful for spatial reasoning of the wearer’s end effectors. We hypothesize that this
observation explains why CLIP embeddings are advantageous in our unique problem
setting.

SLAM Point Cloud Embeddings. Visual SLAM algorithms identify static feature
points in the environment (e.g. corners and edges of furniture) and aggregate them over
time to build 3D maps. These points offer crucial environment features to constrain mo-
tion generation, akin to pre-scanned scenes utilized in prior work [GMSPM21, LJ24]. At
each frame, we only consider the available SLAM feature points S within a 2m↑2m↑
2m volume. The center of the volume is the current device position offset downwards
by one meter, similar to prior works [SZKS19]. This ensures the model focuses only on
relevant spatial information as the wearer moves around. The points are voxelized in a
10↑10↑10 voxel grid in the following way: for each voxel center, the closest point is
selected and the distance is stored as a voxel value. All the distances are truncated at
10cm (so the value is clipped between 0 and 0.1). The voxel volume is rotated with the
head orientation but only along the Z (gravity) axis. To better handle the noisy and often
incomplete nature of SLAM point clouds, we pre-train an autoencoder on the voxelized
SLAM point clouds V (S) within the bounding volume on all frames in our training
dataset and use its encoder ES(·) to generate point cloud embeddings ES(V (S)). While
a new map may not offer much information right away, rich point cloud features could
quickly build up if the wearer stays in the same environment for a prolonged period (e.g.
15 min) or if they have access to a prebuilt map.

6.2.2 Conditional Motion Diffusion Model

Given all input signals from the device, c= {p,EI(I),ES(V (S))}0,1,··· ,T , diffusion mod-
els such as DDPM [HJA20] can model the distribution of all motions conditioned on c

by progressively introducing distortions (Gaussian diffusion noises) into the motion se-
quence and learning a neural network model D to reverse these distortions. The sequence
of forward distortions can be described by the following equation:
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q(xt |x0,c) =N (
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where the motion x ↗ RT↑F is represented as a time series with window length T and
motion feature dimension denoted as F . Here, ϱ ↖ N (0,I) denotes the unit Gaussian
noise, and t ↗ {0,1, · · · ,S} signifies the level of distortion, with t = 0 indicating no dis-
tortion and t = S representing maximum distortion such that ∀S = 0 and xS ↖N (0,I).
The parameter ∀t is a monotonically decreasing scalar that governs the noise schedule.
The reverse diffusion process is derived using Bayes’ rule and can be expressed as:
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With x0 in Eq. (6.2) estimated by the neural net module x̂0 = D(xt ,c, t), we can
iteratively generate a sequence of samples (xS,xS→1, . . . ,x1,x0), initiating from xS ↖
N (0,I) and progressing towards the desired motion distribution q(x0|c) over S reverse
diffusion steps. During model training, we randomly sample t from a uniform distribu-
tion U(0,S) for every training data. At inference time, we apply S̄ = 20 evenly spaced
strided reverse diffusion steps [ND21]. Note that no Gaussian noise is applied to the
condition vector c. Training loss is defined as:

L= Ex0↑t↖U(0,S)||D(xt ,c, t)→x0||2, (6.4)

We did not find it necessary to include auxiliary loss terms to refine output quality.

Architecture and motion inference. Our conditional motion diffusion model follows
the Transformer-based architectures presented in EDGE [TCL23] and DiT [PX23] with
additional MLP encoder layers to gradually reduce the input dimension (which is bigger
due to added CLIP and PC features) to the token latent space size. Our input consists of
the motion input (as a translation, rotation, and linear and angular velocities) and PC and
CLIP features, all concatenated together, representing one sequence token per frame.
Following AvatarPoser [JSQ+22], the model only predicts local joint rotations but not
global translation. The global movement of the character is created during test time by
“stitching” the predicted body motion to the ground-truth head motion, and the head
motion can be directly obtained through real HMD motion obtained through SLAM,
offset by a constant calibration matrix provided by the dataset. The motion output of the
diffusion model is denoted as x ↗ RT↑F , where T = 240 denotes the prediction window
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Figure 6.4: Autoregressive inpainting is performed at each reverse diffusion step to allow
long sequence generations both in high- and low-latency settings.

size and F = 23↑6 denotes the size of the single body pose vector. The body skeleton is
following Xsens definition (Sec. 2.1.2) and has 23 ball-and-socket joints. For each joint,
the output rotation is represented as the first two columns of its local rotation matrix.
Note that the definition of Xsens human skeleton is very similar to SMPL [LMR+15],
with the main difference being the ordering of joints. The model is not conditioned on
body size information, but during training, it is forced to see HMD input motions from
different subjects covering highly diverse demographics. As such, the trained model
is able to handle body size variation implicitly. However, providing size information
as an explicit condition might further improve model performance and reduce visual
artifacts such as floor penetration and foot sliding. To create the motion visualizations
and compute position error metrics, we used ground truth body sizes (skeleton bone
lengths) for each subject.

Online Inference of Long Sequences. Our motion diffusion model generates up to 4
seconds of motion (T = 240 frames). To extend this for longer, coherent motions, previ-
ous research [CEJ+23, ZSH+23, STKB23b] suggests generating overlapping windows
and enforcing consistency at overlaps during denoising. However, for online genera-
tion, we need to remove the dependency on future windows by using an autoregressive
approach [HSG+22], where each window depends only on the previous one.

Specifically, when two windows overlap by T → h frames (i.e., the current window
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advances by a stride of h), we enforce consistency during each of the S̄ denoising steps.
After each model evaluation x̂0 = D(xt ,c,ςi), the prediction x̂0 is overwritten by the
overlapping prediction from the preceding window:

x̂0 = x̂0 ∞m+ x̂s0 ∞ (1→m), (6.5)

where m ↗ RT↑F is a constant mask that is zero for the initial T → h frames and one
for the last h frames. x̂s0 = cat(x→

0 [h:T ],0h↑F) denotes the prediction from the previous
window, shifted by h frames. ∞ denotes element-wise multiplication. Following this
inpainting operation, we proceed to the denoising step with the updated x̂0 using Eq.
(6.2). We report the main results of our system with stride h = 180.

However, eliminating the need for future windows is insufficient for online inference
with minimal latency since a new window of motion is generated only every h frames,
resulting in a latency of (h→1)↑∋ t, where 1/∋ t is the frame rate. We additionally report
our system’s results with h = 10, indicating a latency of just 0.17 seconds close to online
requirements. Nonetheless, a smaller h compromises motion quality, as it limits the use
of future information. In general, h can be a tunable parameter to trade off quality and
latency.

6.3 Implementation details

Image encoder. We use CLIP [RKH+21] variation ViT-L/14 for our experiments and
compute embeddings from the timestamp-synchronized 30 FPS camera; to get the 60
FPS image feature condition, we duplicate every frame one more time. We also tried
other image encoders and found that CLIP features perform best for our task – please
refer to Sec. 6.4.2 for experimental results.

Pointcloud encoder. The PC autoencoder consists of the encoder and decoder parts; the
encoder consists of 4 convolution layers with 3↑ 3 kernel, channel sizes 16,32,64,128
correspondingly, ReLU in between, with the average pooling in the end to produce one
feature vector of size 128. Decoder is an inversion of that, consisting of 4 transposed
convolution layers. It is trained on the volumes extracted using our train set’s point
clouds and head trajectories. We train with Adam [KB14] optimizer and learning rate of
10→3 for 10 epochs.

Dataset and tranining setup. To address the limitation of evaluating on synthetic or
smaller real-world datasets, we train and evaluate our system on a large-scale, first-of-
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its-kind real-device dataset Nymeria [MYH+24], coauthored by the author of this thesis.
It is captured from Project Aria glasses [Pro24] paired with XSens [RLS09] IMU motion
capture suit. The Project Aria glasses are set to record 30 FPS color video at 1408↑1408
pixel resolution. Data captured from the glasses are further processed with its machine
perception service (MPS) [ESG+23] to output the head transformation and point clouds.
The XSens motion data is recorded onboard at 1KHz and processed with MVN Analyse
Pro [Xse24] as 240Hz full-body motion, downsampled to 60Hz for our input. The body
motion from XSens is synchronized with Aria data to high accuracy using a custom
timecode device. The body motion is further calibrated to the Aria head transformation
to reduce spatial drift.

The full dataset contains 1200 motion sequences totaling 300 hours of daily activities
of 264 participants across 50 locations, from which we used 1040 due to spatial syn-
chronization problems in some sequences. Participants are recruited to cover uniform
demographics along the axes of gender, age, height, and weight. The locations include
47 AirBnbs, where 31 are multi-floor houses. Scene set also includes a cafeteria with an
outdoor patio, a multistory office building, and a campus with a parking lot and multiple
biking/hiking trails.

The dataset covers a wide range of daily activities. The highest occurrences are cook-
ing (13.5%), searching objects (11.0%), free-form activity improvise (10.4%), and play-
ing games (10.1%), whereas the lowest occurrences include working at a desk (1.6%),
locomotion (2.2%), activities in the office (2.3%), and making a mess at home (2.3%).
Outdoor activities consist approximately 15% of the data. For additional details of the
dataset, we refer readers to the Nymeria paper [MYH+24].

We split the dataset for training/validation/testing as 806/10/224 sequences, corre-
sponding to 202/3/56 hours. The testing split does not contain any locations or subjects
that appear in the training set to ensure no data leakage. We also strive to maintain a
similar distribution of activities between the training set and the test set.

We train our models on this dataset with a context window of 240 frames (4 sec) for
20 epochs, which takes 3.5 days with four NVIDIA A100 GPUs.

System runtime. The inference is done on a single Nvidia A100 GPU and achieves
better than real-time throughput of > 70 FPS with an online 0.17s-latency (h= 10) model
and > 1350 FPS with high-latency (3s, h = 180) model. Our implementation assumes
that point cloud encodings and CLIP features are precomputed or computed in parallel on
a separate device. The performance will be affected if all computations need to happen
on the same device. However, we observed that even in this situation, we could achieve
a throughput of ↖ 61 FPS for our low-latency variant, keeping up with real-time speed:
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CLIP embeddings take around 5 ms to compute per image (2.5 ms per motion frame
since we are duplicating every frame), and point cloud encoder taking around 0.1 ms
per motion frame. Note that the runtime performance is evaluated on a powerful GPU;
optimizing this system to achieve real-time speeds on the head-mounted device itself
is a promising future research direction. Additionally, our implementation assumes the
access to all SLAM feature points in the approximately 15 minutes window of the whole
motion sequence. In a true real-time setting, this simplification would require a warm-up
phase in the same environment of similar time length.

6.4 Experiments
We conducted a set of experiments to support these claims:

• Our multi-modal conditioning improves motion quality.

• Our system achieves high reconstruction accuracy, motion diversity, and physical
realism.

• Our online (low-latency) variant minimally degrades motion quality compared to
high-latency inference.

• Our system improves results over the state-of-the-art baselines on a large-scale
dataset.

Baselines. We benchmark our low- and high-latency systems against EgoEgo [LLW23]
and AvatarPoser [JSQ+22], retraining both models on our dataset. For EgoEgo, we by-
pass its first stage, using Aria Glasses’ SLAM for accurate head motion tracking, and test
with its long-sequence inference code. For AvatarPoser, we only provide head motion,
masking out wrist device input during training and testing. Unlike the Nymeria paper’s
short-segment evaluations [MYH+24], we test all methods with full motion sequences
(each around 15 minutes) in an online, autoregressive setting, reflecting real-world use.

Metrics. An ideal conditional motion generation algorithm must balance reconstruction
accuracy, motion diversity, and physical realism. For instance, when arms are visible
to the HMD camera, generated motions should reflect that. When multiple motions are
equally valid, e.g. sitting, squatting, or kneeling, predictions should cover all possibili-
ties. Finally, any output motion should be visually realistic and within the distribution
of physically plausible human movements. We choose metrics that evaluate a system’s
capability to balance these three goals.
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• Reconstruction: we report joint position errors (Mean Per Joint Position Errors,
MPJPE) for all methods. As we use the head frame from Aria as the body reference
frame for all methods, we assume zero error on head positions or orientations.
Instead, we report position errors of the wrist joints (Hand PE). In Sec. 6.4.2 we
also report errors for the joints in the lower and upper half of the body (Low. PE
and Up. PE).

• Diversity: following prior work [RLL+23, GZW+20], we report the diversity met-
ric as the mean distance between two same-size randomly sampled subsets from
predicted and ground-truth motions in the latent space. The latent space is formed
by training an auto-encoder, following the protocol in Guo et al. 2020 [GZW+20].

• Realism: we report FID scores [GZW+20] measuring the distances in distribu-
tions between predicted and ground-truth motions in the same latent space used
for the Diversity metric. We also report the physicality of motions, following the
metric proposed in EDGE [TCL23], which correlates with foot sliding. Lastly, we
report the mean floor penetration depth. Since the floor level varies across time and
is non-trivial to estimate for outdoor and complex indoor environments (e.g. the
“floor” height for lying in bed should sensibly be the bed height), we adopt a con-
servative proxy using the lowest joint position of the ground-truth motion across
the neighboring 20 seconds.

All the metrics that have units of measure, namely positional errors (MPJPE, Hand
PE, Low. PE, Up. PE) and Floor Penetration, are presented in cm. The down arrow ↙
means that lower value is always better for this metric, and the right arrow ↔ means that
the value closer to Ground-truth is better.

6.4.1 Main Results

We evaluated high- (h = 180) and low-latency (h = 10) variants of our system on the 56-
hour (224 sequences) test split, averaging 15 minutes per sequence. These test sequences
are not cut into short segments to fit the temporal horizon T of the model – all models are
tasked to generate the entire sequence coherently, which is closer to practical application
setup. Unlike EgoEgo, where statistics are reported using the best among 200 repetitions,
we report the mean and standard deviation of all repetitions. As our test set is very large
(e.g. the AMASS [MGT+19] testing subset used in AvatarPoser contains just two hours
of motion), we only run eight repetitions for each of the 224 sequences.
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MPJPE ↙ Hand PE ↙ FID ↙ Diversity ↔ Physicality ↔ Floor Pen. ↙
Ground-truth 0 0 0 16.13 0.56 0

EgoEgo 16.61±1.49 34.64±1.64 35.69±0.54 20.15±0.21 3.68±0.74 2.43±1.54

AvatarPoser (Head) 10.64 21.51 27.61 12.99 1.69 4.21
Ours (h = 180) 8.36±0.08 16.64±0.21 2.16±0.02 15.74±0.29 1.03±0.01 1.03±0.06

Ours (h = 10) 9.19±0.05 17.67±0.06 5.00±0.02 15.23±0.02 1.30±0.10 1.19±0.04

Table 6.1: Quantitative results comparing our system with EgoEgo and AvatarPoser.

MPJPE ↙ Hand PE ↙ FID ↙ Diversity ↔ Physicality ↔ Floor Pen. ↙
Ground-truth 0 0 0 16.13 0.56 0

Ours w/ DINOv2 8.72±0.07 17.24±0.18 2.45±0.02 15.38±0.19 0.91±0.00 1.42±0.07

Ours w/ VC-1 8.54±0.11 16.64±0.22 4.34±0.06 15.00±0.42 0.92±0.01 1.26±0.10

Ours w/ CLIP (current) 8.36±0.08 16.64±0.21 2.16±0.02 15.74±0.29 1.03±0.01 1.03±0.06

Table 6.2: Comparison between different image feature encoders. MPJPE, Hand PE and
Floor penetration are in cm.

Quantitative Results. The main quantitative results are summarized in Table 6.1. Our
system achieved superior performance across all three metric axes of reconstruction,
diversity, and realism. The online variant of our system degrades performance slightly,
as expected, given its inaccessibility of future sensor information.

Our adapted version of AvatarPoser (referred to as AvatarPoser (Head) in Table 6.1)
performs well, but its frame-by-frame prediction can lack temporal coherence, reducing
realism. As a regression model, it captures only the average trend in training data, lead-
ing to lower diversity scores. EgoEgo also generates visually reasonable motions but has
two key issues. Despite its diffusion-based long motion inference, discontinuities in long
motions affect realism metrics. Additionally, EgoEgo tends to produce overly dynamic
arm movements, similar to how some image diffusion models create stylized rather than
naturalistic outputs. This leads to higher Hand Position Errors and contributes to in-
creased MPJPE and Diversity scores compared to ground truth. Unlike our multi-modal
approach, the baseline methods do not incorporate environmental context, which reduces
their performance compared to our system (Fig. 6.5). While all the metrics are measured
as mean across all runs, we additionally report MPJPE of the best-case run: 8.246 cm
for HMD2 and 14.678 cm for EgoEgo (AvatarPoser is deterministic, so stays the same).
Compared to Table 6.1, errors for EgoEgo are noticeably lower but are still behind our
method.

In summary, our system uniquely balances the accuracy of motion reconstruction and
fidelity and diversity of motion generation, surpassing baseline methods. The online
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MPJPE ↙ Hand PE ↙ FID ↙ Diversity ↔ Physicality ↔ Floor Pen. ↙
Ground-truth 0 0 0 16.13 0.56 0

Ours, w/o PC, w/o CLIP 9.28±0.23 19.47±0.36 6.75±0.08 14.44±0.30 0.90±0.01 3.29±0.31

Ours, w/ PC, w/o CLIP 8.97±0.10 20.38±0.28 3.68±0.03 15.29±0.42 0.86±0.00 0.99±0.07

Ours, w/o PC, w/ CLIP 8.57±0.11 16.32±0.22 6.17±0.02 14.79±0.22 1.01±0.01 2.15±0.15

Ours, w/ PC, w/ CLIP 8.36±0.08 16.64±0.21 2.16±0.02 15.74±0.29 1.03±0.01 1.03±0.06

Table 6.3: Ablation study. HMD2 leverages both point cloud (PC) and egocentric video
information (CLIP) to reduce per-joint error while keeping the realism and physical plau-
sibility of the motions.

variant of our system achieves 0.17-second latency with only a slight degradation in
terms of performance, though the gap leaves room for future research and improvement.

Qualitative Examples. Fig. 6.5 visually compares all methods on two motion subse-
quences from the test set. Sequence 1 shows a complex transition from kneeling to sit-
ting. Regression models like AvatarPoser struggle in under-constrained scenarios, either
abruptly switching between poses or averaging them into unnatural ones (e.g., a floating
avatar in the last frame). EgoEgo, as a generative model, produces plausible motions but
lacks the context to match the ground truth given only head motion. Sequence 2 demon-
strates another important advantage of our model – making use of the semantic features
from color images. In this ground truth motion, the hands are raised and visible in the
camera alternately. We successfully reproduce similar arm movements by conditioning
on the CLIP embeddings while both baselines have the arms down.

The generative nature of our model also allows us to produce diverse motions in case
of ambiguities. Fig. 6.6 and Fig. 6.7 show several examples. In sequences A and B of
Fig. 6.6, our model generates various plausible states when hands are not visible, such
as different poses for the non-visible left hand (seq. A). Sequences C and D show cases
with equally possible leg positions, like kneeling vs. squatting (seq. C). Fig. 6.7 shows
4 random motion samples given the same input for two sequences (1st sequence indoor,
2nd sequence outdoor). A few observations worth highlighting:

• EgoEgo is capable of generating diverse predictions, sometimes more diverse than
Ours. However, EgoEgo generations tend to be of lower quality - possibly due to
model architecture not being as scalable to a massive dataset as Ours and autore-
gressive long sequence inference not working as well;
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MPJPE ↙ Hand PE ↙ Low. PE ↙ Up. PE ↙ Floor Pen. ↙
EgoEgo 16.61±1.49 34.64±1.64 26.58±3.57 11.31±0.54 2.43±1.54

AvatarPoser (Head) 10.64 21.51 17.70 6.90 2.94
AvatarPoser (Head & Hands) 7.74 6.29 16.10 3.11 4.63
Ours, w/o PC, w/o CLIP 9.28±0.23 19.47±0.36 15.04±0.53 6.21±0.11 3.29±0.31

Ours, w/ PC, w/o CLIP 8.97±0.10 20.38±0.28 13.59±0.21 6.53±0.07 0.99±0.07

Ours, w/o PC, w/ CLIP 8.57±0.11 16.32±0.22 14.02±0.25 5.64±0.06 2.15±0.15

Ours, w/ PC, w/ CLIP 8.36±0.08 16.64±0.21 13.23±0.16 5.75±0.06 1.03±0.06

Table 6.4: Lower and upper body error depending on the input variations. We are beating
a 3-point input baseline on a lower body error and achieve close performance on average.
All the metrics are in cm.

MPJPE ↙ Hand PE ↙ FID ↙ Diversity ↔ Physicality ↔ Floor Pen. ↙
Ground-truth 0 0 0 16.95 0.04 0

h = 230 9.53±0.01 16.15±0.04 13.44±0.01 15.28±0.01 0.32±0.00 1.47±0.02

h = 220 9.49±0.02 16.07±0.06 13.61±0.01 15.30±0.01 0.25±0.00 1.46±0.01

h = 200 9.44±0.01 16.03±0.04 13.74±0.01 15.32±0.01 0.23±0.00 1.45±0.02

h = 180 (Ours) 9.42±0.02 16.05±0.02 13.76±0.01 15.43±0.01 0.22±0.00 1.44±0.01

h = 120 9.43±0.03 16.05±0.05 14.02±0.01 15.22±0.01 0.26±0.00 1.43±0.01

h = 60 9.49±0.06 16.19±0.03 14.23±0.01 15.20±0.01 0.30±0.00 1.33±0.03

h = 30 9.61±0.04 16.42±0.07 14.39±0.03 15.57±0.03 0.40±0.00 1.26±0.03

h = 20 9.75±0.10 16.51±0.08 16.46±0.04 15.36±0.04 0.45±0.00 1.18±0.05

h = 10 (Ours low-lat.) 10.19±0.12 17.13±0.14 17.00±0.10 15.66±0.10 0.73±0.03 1.41±0.14

h = 5 13.13±0.46 21.28±0.45 20.36±0.33 16.71±0.33 0.94±0.02 1.84±0.43

h = 3 21.10±1.08 29.80±1.15 72.63±0.82 20.35±0.82 1.29±0.12 4.49±0.51

h = 1 28.96±1.68 38.13±1.54 129.94±1.37 22.74±1.37 2.22±0.17 3.75±0.72

Table 6.5: Ablation study on the latency (h) parameter. Test is performed on a subset
(9%) of the current test split. MPJPE, Hand PE and Floor penetration are in cm.

• EgoEgo samples often do not satisfy floor height constraints (1st seq. 3rd frame;
2nd seq. 1st frame), and cannot utilize image observation when certain body parts
are visible (1st seq., see the right arm in 1st frame and left arm in 2nd frame);

• Samples from our method are “conditionally diverse”. This is unseen in previous
works. For example, when the egocentric camera sees only one arm, Ours will gen-
erate samples with this arm doing the motion seen (not perfectly accurate partially
due to CLIP) and generate motions for the unseen arm and legs with diversity (see
arms in 1st&2nd frames on the 1st sequence, see legs in all frames on the second
sequence).
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MPJPE ↙ Hand PE ↙ Low. PE ↙ Up. PE ↙ Floor Pen. ↙
EgoEgo 30.91±4.82 60.81±2.98 58.63±12.17 19.26±1.16 10.33±5.90

AvatarPoser (Head) 22.09 43.19 44.18 13.01 18.96
AvatarPoser (Head & Hands) 16.48 11.23 37.91 5.63 18.15
Ours, w/o PC, w/o CLIP 18.31±0.89 40.15±1.17 34.35±2.20 11.75±0.37 12.91±1.75

Ours, w/ PC, w/o CLIP 16.65±0.44 41.68±1.05 28.72±1.02 12.29±0.30 3.97±0.32

Ours, w/o PC, w/ CLIP 16.30±0.55 34.25±0.90 29.98±1.35 10.58±0.26 8.28±0.78

Ours, w/ PC, w/ CLIP 15.49±0.38 34.86±0.92 27.35±0.81 10.80±0.26 4.22±0.28

Table 6.6: Lower and upper body error study on top 5% errors (mean of 95% percentiles
across all sequences). Here, we are beating 3-point error baseline on mean per-joint
positional error. All the metrics are in cm.

MPJPE ↙ Hand PE ↙ FID ↙ Diversity ↔ Physicality ↔ Floor Pen. ↙
Ground-truth 0 0 0 16.95 0.04 0

2 steps 9.54±0.01 15.94±0.02 15.04±0.00 15.45±0.00 0.50±0.00 1.87±0.02

3 steps 9.27±0.01 15.52±0.03 15.28±0.01 14.85±0.01 0.32±0.00 1.64±0.01

5 steps 9.26±0.01 15.57±0.03 14.94±0.01 14.97±0.01 0.25±0.00 1.54±0.02

10 steps 9.34±0.02 15.81±0.03 14.25±0.01 15.50±0.01 0.24±0.00 1.47±0.01

20 steps (Ours) 9.42±0.02 16.05±0.02 13.76±0.01 15.43±0.01 0.22±0.00 1.44±0.01

40 steps 9.52±0.02 16.21±0.02 13.40±0.01 15.71±0.01 0.22±0.00 1.43±0.02

80 steps 9.60±0.03 16.38±0.02 13.11±0.01 15.77±0.01 0.23±0.00 1.41±0.01

Table 6.7: Ablation study on the amount of steps in reverse diffusion process. Test is
performed on a subset (10%) of the current test split.

6.4.2 Additional Analysis

Comparison between different images feature encoders. To explain our choice of
CLIP [RKH+21] feature as a feature encoder, we additionally trained two versions of
our method with image features produced by DINOv2 [ODM+23] and VC-1 [MYA+24]
feature encoders. For VC-1, we chose the best performing ViT-L model, with embedding
size of 1024 and input size of 250↑ 250 (cropped to 224↑ 224 during preprocessing);
for DINOv2, we chose second to largest model ViT-L/14, providing it with the input of
the same size (padded to 252↑252) and taking the class token of the output (size 1024),
which corresponds to the global image description as it gathers the information from
all the image patches. The comparison is presented in Tab. 6.2. We found that, while
methods VC-1 and DINOv2 have close generation precision and a slight advantage in
Physicality (correlated to foot sliding), the model with CLIP features shows the best
results on most metrics, proving our choice of the image feature encoder.

78



6.4
Experim

ents

30°
0°

15°

Joint rotation error
Seq. 1 Seq. 2

Ground 
Truth

EgoEgo

AvatarPoser
(Head)

Ours
(ℎ = 180)

Ours
(ℎ = 10)

Figure 6.5: Qualitative comparison between HMD2 (Ours) and baseline methods.
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Ablations on input variations. We ablated our system by removing the point cloud
encoder branch (w/o PC) and/or the raw egocentric video branch (w/o CLIP). The results
are summarized in Table 6.3, demonstrating the importance of multi-modal scene and
motion conditions in our system.

Even without point cloud and CLIP embeddings, our system generates temporally co-
herent and realistic full-body motions, capturing diverse motion distributions. However,
ambiguity arises with head movement alone, such as distinguishing between standing and
sitting. Without environmental context, the system might randomly generate or switch
between these actions, affecting realism metrics (FID & Floor Penetration depth). Ta-
ble 6.3 shows that point cloud embeddings help align motions with ground truth and re-
duce environment interpenetration, improving realism. The image encoder also enhances
reconstruction accuracy by using semantic clues, particularly when hands are visible.
This reduces MPJPE by encouraging specific poses, however it also mildly affects the
realism of motion, hence Physicality metric slightly degrades. Fig. 6.8 illustrates that PC
embeddings enable correct sitting motion detection, while image embeddings improve
hand motion accuracy. Together, they produce more accurate and realistic results.

Additional quantitative results. In Table 6.4, we present additional metrics, splitting
per-joint average error into average error across upper (Up. PE) and lower (Low. PE)
body regions. The upper region is defined as all the joints that are higher than the pelvis
for the subject standing in a T-pose, namely the spine, shoulders, arms, hands, neck,
and head. The lower body region is defined as the rest of the joints, excluding the root
joint (hips, legs, feet). From these metrics, we can directly observe the effect of adding
pointcloud and image encoders to our data. When the PC encoder is added, the lower
body error is reduced significantly, and the upper body gets slightly worse (most likely
due to noisy points near the upper body region). This suggests that pointcloud helps
to disambiguate the lower body by providing landscape information (floor level, nearby
objects, etc.). On the other hand, when CLIP image encoding is added, we notice a
major reduction in the upper body error, suggesting that image features help the method
better understand interactions and localize hands. At the same time, lower body error
also decreases - most likely, the error is reduced when parts of the lower body are visible
on camera. HMD2, denoted as “Ours, w/ PC, w/ CLIP” in the table, combines both
strengths of the methods above and achieves the lowest mean per-joint error.

At the same table, we also present a study of another, much more challenging baseline
– a 3-point input method. For that, we chose the original implementation AvatarPoser
[JSQ+22], which takes not only the head position and orientation as an input but also
the positions and orientations of the hands. With more input information, this baseline
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MPJPE ↙ Hand PE ↙ Low. PE ↙ Up. PE ↙ Floor Pen. ↙
EgoEgo 12.06±0.33 31.31±1.13 17.24±0.75 9.40±0.30 0.01±0.00

AvatarPoser (Head) 7.39 14.81 12.58 4.64 0.11
Ours (h = 180) 5.75±0.03 11.98±0.13 8.84±0.07 4.06±0.03 0.02±0.00

Ours (h = 10) 6.19±0.04 12.16±0.07 9.97±0.10 4.13±0.01 0.02±0.00

Table 6.8: Results for the scenario with the best HMD2 performance. Scenario is consist-
ing of the multi-terrain outdoor walking (hiking up- and downhill), mostly sightseeing.
All the metrics are in cm.

MPJPE ↙ Hand PE ↙ Low. PE ↙ Up. PE ↙ Floor Pen. ↙
EgoEgo 12.29±0.25 32.32±0.50 16.40±0.64 10.16±0.16 0.31±0.14

AvatarPoser (Head) 8.39 20.94 11.44 6.78 0.80
Ours (h = 180) 6.53±0.06 15.66±0.17 8.86±0.10 5.29±0.05 0.42±0.05

Ours (h = 10) 7.32±0.05 17.30±0.17 10.05±0.10 5.87±0.04 0.45±0.02

Table 6.9: Results for the scenario with the median across all 20 scenarios HMD2 per-
formance. Scenario is consisting of flat-ground indoor multi-room interactions with the
objects in the house (grabbing clothes, throwing pillows, opening doors), mostly upright
standing with occasional bending (to reach for the next object). All the metrics are in
cm.

MPJPE ↙ Hand PE ↙ Low. PE ↙ Up. PE ↙ Floor Pen. ↙
EgoEgo 28.67±1.97 42.85±1.46 52.11±4.52 15.75±0.64 12.76±3.55

AvatarPoser (Head) 23.30 31.11 45.01 11.32 21.79
Ours (h = 180) 17.21±0.20 24.39±0.36 31.27±0.50 9.45±0.13 3.32±0.24

Ours (h = 10) 18.74±0.65 26.28±0.50 33.37±1.41 10.55±0.27 5.01±0.39

Table 6.10: Results for the scenario with the worst HMD2 performance. Scenario is
consisting of challenging body stretching and yoga motions, mostly on done the floor,
recorded indoors. All the metrics are in cm.

achieves better performance on average. However, we highlight that even with additional
motion input, it is worse than Ours at generating lower body motion, as Lower body PE
is higher. It is important to note that HMD2 achieves best performance on the most
challenging frames of the sequences even when compared to a 3-point input baseline, as
shown in the top 5% error study in Tab. 6.6.
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Figure 6.6: Our system can predict diverse outcomes from identical input (head pose
marked as a sphere with coordinate system).
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Figure 6.7: Range of possible results given the same input for HMD2 and EgoEgo. Colors denote different runs, sequence
frame time is increasing from top to bottom.
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Error Distribution. As we evaluate on a large scale dataset of realistic daily activities,
the metric statistics could be skewed and dominated by mundane actions such as sitting
or standing still, or walking from A to B. The more interesting and challenging scenarios
that highlight core issues may fall into a long-tail distribution and be obscured by the
mean error. To this end, we also report the top 5% errors in Table 6.6, which is more
representative of improvements we expect from our approach.

Our top error selection strategy can be explained as follows: as shown in Fig. 6.9, the
average error on the sequence greatly depends on the activity performed in that sequence.
If we were to sort all the per-frame joint errors and select the top 5% (95% percentile)
among them, we would only select the frames from several worse-performing sequences.
To avoid such behavior, we compute the 95% error percentile within each sequence sep-
arately and average those results across all sequences.

Ablation study on h parameter values and diffusion steps. In Tab. 6.5, we show how
the error metrics change depending on the latency (h) parameter. Because experiments
with h = 1, 3, and 5 take a long time to process on our large test split, we performed
this ablation on a 9% (20 out of 224 sequences) subset of test data. To keep the subset
informative and maintain the diversity of activities, we picked one random sequence from
each activity scenario. The results in the table demonstrate that the top performance in
terms of MPJPE is achieved at h = 180, which we chose as our default value. While it
is not the best on all the metrics, the difference is not as significant. Our low-latency
method (h = 10) demonstrates some performance drop, but not as big compared to the
next value h = 5, keeping a balance between the quality and the output lag.

We also measured metrics change w.r.t. the amount of diffusion steps we taking during
inference. Tab. 6.7 shows that FID score increases with the amount of steps – visually,
this corresponds to less jittery and more realistic motion. However, the precision of the
motion, measured by MPJPE metric, peaks at 5 steps for full body and 3 steps for hands.
Therefore, our choice of 20 steps is a balance between motion precision and realism.

Variation of an error depending on the activity. Our test dataset consists of diverse
activities, and each sequence is dedicated to a certain type of activity according to the
assigned scenario. In total, there are 20 scenarios, with indoor and outdoor activities
featuring walking, sitting, laying, exercising, interacting with household objects, playing
sports games, and more. If we group the sequences and measure the MPJPE in each
group (Fig. 6.9), we can observe that the error is not distributed evenly – while for most
scenarios the error does not exceed 8cm, there is a chunk of challenging scenarios that
have an error almost twice as high. To understand the reasons behind this, we selected
and studied different metrics for the scenario, including the best, the worst, and median
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Figure 6.9: MPJPE depending on the action scenario (sorted in increasing order).

MPJPE. Results are presented in tables 6.8, 6.9, 6.10.
The best-performing scenario (Tab. 6.8) consists of multi-terrain outdoor walking (hik-

ing up and downhill) but does not feature any interactions. Small lower body error
demonstrates that multi-level motion is, in general, not a significant challenge for our
method – in contrast to AvatarPoser, whose lower body error is higher on this scenario
than on the mostly flat scenario from Tab. 6.9.

The scenario with the median method performance (Tab. 6.9) consists of mostly flat-
ground indoor multi-room interactions with the objects in the house (grabbing clothes,
throwing pillows, opening doors). The subject often stays in the standing position, oc-
casionally bending to reach some objects. As interactions with the objects appear more
often here, we notice higher hand positional errors for our method. This can be explained
by the inability of the CLIP-encoded image features to localize the hands precisely dur-
ing the interactions. Occasional bending can also be misinterpreted for a different motion
sometimes, which explains higher floor penetration error.

The worst performing scenario (Tab. 6.10) consists mainly of yoga and body stretch-
ing motions, which proved to be the most challenging for all the methods. While the
upper body error is higher than usual, the error is primarily increasing due to very high
lower body error. This is caused by a high position uncertainty: most of the time, lower
body parts are not observed by the camera, and the floor estimation from a SLAM point
cloud might be noisy. Future work on improving the performance in such scenarios can
benefit from enhancing the reconstructed SLAM pointcloud quality to provide reliable
terrain information, including more of these challenging motions in the dataset and us-
ing cameras with a higher field of view, like fisheye cameras, to increase the body parts
visibility.
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6.5 Conclusions

We presented a diffusion-based framework, HMD2, for online motion generation from
a single head-mounted device. By leveraging camera streams for learning-based im-
age embeddings and combining them with SLAM-derived head trajectories and semi-
dense point clouds, our framework can produce diverse and natural motions that align
with environmental contexts. We assessed our system across various environments and
an extensive range of daily activities. Compared to existing state-of-the-art methods,
HMD2 significantly enhances motion quality in terms of accuracy, diversity, and real-
ism.

Our insight into leveraging egocentric image features and the capabilities of modern
SLAM systems opens up many new opportunities. For instance, in the future, we can
incorporate more comprehensive contextual information from recent advancements in
image understanding, including depth estimation from monocular videos, panoptic seg-
mentation, or scene reconstruction through neural radiance fields or 3D Gaussian Splats.
Additionally, we envision leveraging video embeddings over extended context windows,
potentially from visual language models (VLMs) [AAA+23], to refine context conditions
further.

Currently, the performance of our system is still limited by available context informa-
tion. For example, the CLIP embeddings cannot provide precise spatial information, so
they fall short of constraining the precise pose of the hands even when they are visible.
The noisy and sparse point clouds are less suitable compared to dense depth maps for
accurate environment contact information; the errors from the SLAM reconstruction can
also propagate to our system. On the other hand, incorporating denser input streams
poses a challenge in runtime performance.

Features that contain more precise positional information than CLIP may improve
performance: one potential direction for future work is to additionally condition the
method on the results of the hand-tracking algorithm. However, even without explicit
positional information, CLIP-encoded images improve upper body tracking. The effect
on the lower body is less apparent. This, of course, can be explained by the fact that the
lower body is much less visible from the camera, especially since we use a camera with
the standard FOV looking outwards. Additional information from the downward-looking
wide-angle cameras can improve the performance, as shown in other works [WLX+23].

Even with the point cloud context provided, our method can sometimes produce visual
artifacts such as floor penetration (as measured by the Floor Penetration metric in tables).
This means that the network occasionally misses or ignores the PC context. This can
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happen due to the noise presented in the pointcloud data and large distances between
the points, especially in untextured regions like floors or walls. One way to improve the
performance here is to use the more advanced point cloud/mesh reconstruction solution,
potentially using the depth sensor (e.g. depth-based fusion [IKH+11]). Another way is to
use a more advanced point cloud encoder; such an encoder can be trained on a different
task, e.g., point-to-mesh [CPM+20]. Note that we only capture static point clouds and
do not yet handle dynamic environment changes such as opening doors, moving a chair,
etc. – this is a great future work direction.

Our method is not aware of the shape of the body and, therefore, does not correct self-
interpenetration of body parts, which can happen sometimes. That can be fixed during
the postprocessing stage with self-contact optimization methods like TUCH [MOT+21].
Another problem that affects the visual quality is motion jitter, which can be observed
mostly during online low-latency inference – this can be smoothed during motion post-
processing. However, we decided not to apply the smoothing to show the raw perfor-
mance of the method.
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Chapter 7

Conclusions and Future Work

This dissertation and publications presented here study human motion capturing and
generation from an aspect of egocentric wearable systems. This chapter provides a sum-
mary of contributions, hints at the connections, and highlights common ideas between
the works presented here. It also discusses the potential future directions and societal
impact of the research.

7.1 Conclusions
The works presented in this thesis demonstrate the potential of wearable systems for
human motion recovery and interaction understanding. These methods are making an
impact in the fields of telepresence, AR/VR, and robotics, and their usefulness will grow
further in the future. As advancements in mobile computing continue, it will become
easier to develop lighter, more powerful devices that are comfortable for users to wear
and more adaptable for mobile platforms. This progress will ease the data collection,
enabling the development of algorithms for motion generation and scene understanding
from an egocentric perspective.

This thesis presents three publications in the fields of human motion generation and
human motion and human-object interaction capturing from wearable sensors. In all
works, we study different aspects of a proposed combination of camera and IMUs, like
capturing stability, the ability to track human-object interactions, and the potential for
miniaturization. These contributions are unified by a common goal – to expand the
boundaries of what can be achieved with information constrained by an egocentric per-
spective.

Chapter 4 presents the first system capable of recovering full human body motion
registered within large 3D scenes from wearable sensors only. The system combines
advantages of global camera self-localization and inertial pose estimation, removing the
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drift typical for IMU-based systems, and reducing the noise of camera localization. HPS
enabled large-scale motion recording and allowed us to gather the HPS dataset – a col-
lection of more than 3 hours of motion captured in large outdoors and indoors scenes.
This is a unique result which is nearly impossible to achieve with conventional external
camera motion capturing setups. The dataset has been made publicly available and has
established itself as a benchmark in multiple egocentric localization and human motion
generation studies [YZH+23, JSM+23, YLK+24].

HPS marks a pivotal moment in the field, laying the foundation for a new direction
in egocentric motion capture and understanding. As the first work of its kind, HPS in-
spired the development of numerous subsequent systems and datasets, e.g. [DLW+22,
YZH+23, ZMZ+22, MYH+24, YLK+24]. These follow-up efforts have built upon the
capabilities introduced by HPS, driving advancements in egocentric motion capturing,
generation, and understanding. Now, this emerging direction is rapidly gaining mo-
mentum and attracting increasing attention from the research community. The growing
number of works and datasets in this area highlights its importance and potential, and we
expect the field to continue expanding in the future.

In the following chapter, we extend the idea of wearable sensors capturing to human-
object interaction. The iReplica system, presented in Chapter 5, is the first to capture
both human and object they interact with using only the user-worn sensors, without rely-
ing on any additional external trackers. While iReplica relies on the insights gained from
HPS, tracking objects presents several unique challenges, such as objects leaving the
egocentric view and the need for more precise motion tracking. To address them, several
innovations had to be made. First, we found that the contacts can be predicted solely
from the body motion. Based on this insight, we developed and trained a method for the
pose-based contact prediction, which reliably predicts human-object interaction timings.
Second, we improved body localization upon HPS to match the precision required to
capture dynamic interactions. Lastly, we designed an object motion inference pipeline
based on predicted contacts. This made it possible to track object position changes with-
out external input.

As the pioneering work in this area, iReplica represents a significant step forward in
human-object interaction capturing. By leveraging egocentric data, it eliminates the need
for external cameras or object-mounted sensors, bringing the scalability of HPS to the
interaction tracking domain. To train and evaluate it, we collected two unique datasets
of human-object interactions totaling over 3 hours of motion data, contact timestamps,
egocentric videos, and more. To support further research in this area, we have made both
the iReplica implementation and the collected datasets publicly available.

90



7.2 Key Insights

We further continue to explore the capabilities of wearable setups in Chapter 6 and
present HMD2 – a generative model for human motion conditioned on the data from a
head-mounted device equipped with cameras and inertial sensors. This model stands in
between the reconstruction and generation – it manages to follow the ground truth motion
if it can be inferred from the information given and generate plausible motion otherwise.
This is achieved through a novel approach: conditioning the generative motion diffusion
network on a multi-modal input of camera, head motion, and SLAM scene points. As a
second contribution, the new autoregressive inference scheme allows the model to gener-
ate long and uninterrupted sequences of motion with low latency between the input and
output, making it suitable for real-time applications.

While the model has to deal with a very restricted input coming from a single point of
view, HMD2 demonstrates that a combination of several data modalities and a generative
framework results in a realistic motion reconstruction even when using an extremely
compact wearable capturing system. Such a user-friendly setup has direct applications
in AR/VR motion tracking, providing a practical use case for the system today rather
than as a prospect for the future.

Each system introduced in this thesis – HPS, iReplica, and HMD2 – offers a distinct
advancement, from large-scale human motion capture to precise human-object interac-
tion tracking and generative motion modeling. Together, they establish a solid foundation
for future research and open up exciting opportunities for applications.

7.2 Key Insights
At the beginning of this PhD, we set out to explore the potential of wearable systems
for human motion capture and analysis with a grand goal to make it possible to recover
human motion in the real world without the need for external cameras or markers. We
did not know what to expect at first – which techniques and capturing methods would
be successful and which would fail, but as the research progressed, a few fundamental
findings emerged, shaping the direction of this work. The presented publications share
these key insights, which we summarize below.

A combination of the head camera and IMUs provides broad capturing capabilities.
The first key insight comes from the choice of the wearable capturing system itself, the
sensors involved in it, and their layout. In Chapter 4, we present HPS - a human pose esti-
mation and localization system from wearable sensors, namely the head-mounted camera
looking outwards and inertial sensors mounted on the limbs and torso. With HPS, we
prove that it is possible to localize the human in the scene using only body-mounted
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sensors in the chosen configuration. Subsequent works, including Nymeria [MYH+24],
coauthored by the author of this thesis, further reinforce our vision. Nymeria introduces
a dataset of 300 hours of human motion captured from an egocentric device in large-
scale environments, further validating the scalability and utility of wearable systems for
motion capture. Building on this foundation, Chapter 5 extends the capabilities of wear-
able systems to human-object interactions. The iReplica method demonstrates that these
systems are not only capable of localizing the user but can also track the objects they
interact with, significantly broadening the scope of wearable capturing systems. Ad-
ditionally, Chapter 6 demonstrates the potential of extremely portable versions of this
setup, featuring the same types of sensors but reduced down to a single head-mounted
device. This evolution towards minimalistic setups signifies a step forward in making
wearable motion capture systems more accessible and comfortable for the average user.

Sensor fusion is key to resolving ambiguities. One important insight for dealing with
such an underconstrained problem as egocentric motion reconstruction is a fusion of mul-
tiple sources of information. In Chapter 4, HPS demonstrates that joint optimization of
IMU-inferred body motion, global camera-self localization, and scene pointcloud leads
to a more stable and reliable solution compared to treating these information sources in-
dependently. In Chapter 5, iReplica shows that with deeper scene understanding, it is also
possible to extend the capturing to the objects the user interacts with. The advantages of
multi-source information fusion are yet again proven in Chapter 6 by HMD2, which at-
tends to local SLAM point clouds, head camera image, and head position simultaneously
to generate body motion that is both realistic and contextually appropriate. These works
collectively highlight the power of multi-source information fusion in wearable systems.

Learning from human behavior helps to improve the quality. Learned priors can
substantially improve both capturing and generation. In Chapter 5, we demonstrate that
a learned model can reliably predict the timing of human-object interactions for various
motion classes based solely on body pose, which is crucial for capturing realistic object
motion from wearables. This is achieved by training our method on a dataset of interac-
tions collected during this project. Chapter 6 presents a generative model that is trained
on hundreds of hours of human performance. With all sensors mounted on the head, situ-
ations frequently arise where input information is insufficient for motion reconstruction.
In such cases, the strong generative priors of the model play a critical role, enabling it to
produce realistic motion based on prior context and scene understanding.

Datasets are critical for driving progress. As discussed in the previous insight, the
practical effectiveness of human motion capturing and generation methods often rely on
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priors, which are, in turn, influenced by the quality, variability, and scale of data. In
Chapter 4, we gather a dataset of more than 3 hours of human motion in large scenes.
This dataset proved essential for advancing the motion generation methods and establish-
ing benchmarks for future research [MPKPM24, YZH+23, ZMZ+22]. In Chapter 5, we
collect a dataset of several hours of interactions with various objects and demonstrate that
such a dataset can be an important part of building a human-object interaction capturing
system. Additionally, Chapter 6 demonstrates that capturing motion at the scale of the
Nymeria dataset enables the training of robust generative models capable of addressing
heavily underconstrained tasks.

Developing these insights brings us closer to understanding the potential of wearable
systems in human motion capture and analysis. Each work builds upon these founda-
tional ideas, collectively pushing the boundaries of what is achievable with wearable
technology in real-world scenarios.

7.3 Future work
The algorithms of motion capture from wearable setups have direct real-world appli-
cations. Examples include a personal assistant that understands your surroundings and
past actions, offering context-aware suggestions and answering questions; a robot ca-
pable of forecasting plausible actions and motions based on the current scene layout;
a VR meeting room where each person’s motion is reconstructed from the VR helmet
data, improving the realism and immersion. The potential applications are vast, and the
works discussed in this thesis serve as a fundamental step toward implementing them.
However, there are still challenges to overcome before these applications can be fully
realized. This section presents the possible future directions that can be built on top of
the presented contributions.

Human-object interaction capturing for smaller objects. HPS and iReplica showed
the ability to capture the human-scene and human-object interactions with a precision
high enough for realistic interactions with bigger pieces of furniture, such as sofas, doors,
tables, and so on. But many applications, such as robotics, would greatly benefit from the
ability to interact with the smaller everyday objects as well, like cups, keys, cutlery, etc.
This challenges the existing systems because it would require much higher localization
precision for both the subject in the scene and the object they operate with. Recent
advancements in camera self-localization ([CEG+21, JCF23]) and object localization
([HSW+22]) show the potential for the direction. However, these algorithms have not yet
been applied to human-object interaction tasks, so problems may arise with integrating
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the results of both systems.

Enhancing the evaluation of motion realism. The works presented in this thesis
demonstrate the ability to capture human motion and interactions with objects. However,
the realism of the captured motion is not fully evaluated. The realism of motion is a com-
plex concept that includes motion plausibility, naturalness, and the context-awareness of
the actions. Hence, it cannot be measured using a simple distance error metric. Cur-
rently, realism can be assessed by designing a user study similar to the one we conducted
in iReplica (Sec. 5.4.4), but this approach is not scalable. Some works attempt to solve
this problem by comparing the generated motion distribution to the ground truth in a
special latent space [GZW+20]. We used similar protocols in Chapter 6 to compare our
results with the baselines. However, these metrics are heavily dependent on a latent space
design and might not always correlate to the visual plausibility of motion, so evaluation
of the realism of the motion is still an open question and is a promising direction for
future research.

Dynamic scenes capturing in the unknown environment. iReplica method, discussed
in Chapter 5 proves the possibility of human-object interaction capturing in the pres-
canned interactive scene with labeled objects. While this by itself has applications, the
natural question is whether we can reduce the amount of prior information needed be-
fore the capturing. Given the growing capabilities of foundational image models, like
DINOv2 [ODM+23] and instance segmentation networks [CS22, KMR+23], one could
think of a capturing system capable of producing the same results without the need of
labeling the information about the object, instead relying on learned methods to iden-
tify and correctly segment the object and determine its degrees of freedom. Given
the increasing affordability of the wearable eye-tracking hardware, the problem of un-
known object detection can be solved by using the advancements in gaze-based detection
[WSZK20, WFZK22] where the information about the object location is inferred from
the user’s gaze direction.

Extending sparse sensors capturing to human-object interactions. HMD2 shows
the possibility of closely following human motion while operating with the data from
the head-mounted sensors only. Yet, it does not reconstruct the objects the user interacts
with, creating a potential for future improvement. As shown in iReplica and other works,
e.g. Object Pop-Up [PMCPM23], it is possible to infer the object position from the body
interaction alone. Additional information about the object can be acquired from the
visual input: the class of the object and its partial reconstruction can be extracted if the
person takes a look at the object before interacting. By fusing visual information and
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inferred object motion together, it may be possible to recover the object model and pose
in the same way HMD2 reconstructs the body motion.

Real-time on-device human motion recovery. The works presented in this thesis
demonstrate impressive capabilities in human motion capturing and generation. How-
ever, they all require, at least in part, processing on an external device, which the user
cannot wear. In practice, it would be more beneficial if the algorithm could be executed
on a portable device, closing the loop and making the wearable capturing system com-
pletely standalone. In HPS and iReplica, the major reason for external processing is the
camera self-localization pipeline, which requires an external GPU for computation. It
could be replaced by recent methods in visual-inertial odometry [RACC20, CEG+21,
Pro23] that demonstrated portable solutions for localization pipelines with reliable pre-
cision. While iReplica and HPS could be optimized this way, HMD2 would still require
external processing despite having a less resource-intensive localization pipeline. The
reason is the generative diffusion model, which requires a powerful GPU to maintain
the real-time processing speed. Optimizing the inference of diffusion models is a hot
topic in the scientific community nowadays, and several breakthroughs have been made
in this direction, including reducing the number of reverse diffusion steps [KPS+24] and
memory footprint [ZJD+24]. Together with the development of faster and more efficient
mobile hardware, these advancements create the possibility of optimizing the current
model for mobile device requirements.

Human-to-robot skills transfer. Wearable motion capture systems offer a promis-
ing approach to transferring human skills to robots by enabling large-scale, real-world
motion data collection. Unlike traditional motion capture setups, they provide natural
demonstrations from which robots can learn. Recent works on imitation learning from
humans [LCK+23, CJC+24] suggest that using human motion datasets can significantly
improve robot performance in various tasks. Notably, there is considerable potential
in developing robot-object interaction skills from the data collected by wearable sys-
tems. By combining human-object interaction capture from iReplica with advances in
robot object localization from human input [WFKZ23] and object manipulation learning
[CWYL24], it is possible to create a system that can learn complex manipulation tasks
from human demonstrations. This approach could be particularly useful in applications
where the robot has to interact with many different objects in the environment, such as
in household chores or industrial settings.
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7.4 Privacy considerations
Since wearable sensors are body-mounted devices, they are typically worn for extended
periods, often without consideration of turning them off. This raises important privacy
concerns and necessitates measures to prevent potential data leakage. There are several
strategies to address these concerns, each orthogonal to the others. One approach is to
allow the device to only work in certain scenarios, like the user voice command, and
equip the indicator that signals about the device activity. Another solution is to perform
all the computations on the device so that the data never leaves it. While this is not always
feasible, in such cases, we can reduce the data steam by precomputing the descriptive
features, such as CLIP, and avoid sending the raw frames. Alternatively, we can use
special descriptors designed with privacy in mind [SSK+19, DSSP21] to reduce the risk
of leaking sensitive information about the user’s surroundings.

Our methods use videos of human performance, both first-person and third-person
view, and body shape and motion data, which are collected by us. We ensured that the
subjects understood the ways the data would be used, and we obtained written consent
from all the participants. Additionally, we anonymized the collected data by storing the
motion and shape data in a depersonalized format and blurring the faces in the captured
videos.
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Abbreviations

DOF Degrees Of Freedom
FID Fréchet inception distance
GPU Graphics Processing Unit
GT Ground Truth
HMD Head-Mounted Device
HOI Human-Object Interaction
ICP Iterative Closest Point
IE Interactive Environment
IMU Inertial Measurement Unit
MLP Multi-Layer Perceptron
MPJPE Mean Per-Joint Positional Error
MPS Machine Perception Service
PC Point Cloud
PE Positional Error
RANSAC RAndom SAmple Consensus
RGB(D) Red, Green, Blue (and Depth)
SfM Structure from Motion
SLAM Simultaneous Localization and Mapping
VLAD Vector of Locally Aggregated Descriptors
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