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Fig. 1: OmniEgoCap is a sequence-level diffusion framework that leverages long-range
physical invariants and geometry-aware augmentation to reconstruct consistent 3D
full-body motion across diverse egocentric camera setups. (L) GoPro and (R) Aria.

Abstract. The proliferation of commercial egocentric devices offers a
unique lens into human behavior, yet reconstructing full-body 3D mo-
tion remains difficult due to frequent self-occlusion and the “out-of-sight”
nature of the wearer’s limbs. While head and hand trajectories provide
sparse anchor points, current methods often overfit to specific hardware
optics or rely on expensive, post-hoc optimizations that compromise
motion naturalness. In this paper, we present OmniEgoCap, a unified dif-
fusion framework that scales egocentric reconstruction to diverse capture
setups. By shifting from short-term windowed estimation to sequence-
level inference, our method captures a global perspective and recovers
invariant physical attributes, such as height and body proportions, that
provide critical constraints for disambiguating head-only cues. To en-
sure hardware-agnostic generalization, we introduce a geometry-aware
visibility augmentation strategy that treats intermittent hand appear-
ances as principled geometric constraints rather than missing data. Our
architecture jointly predicts temporally coherent motion and consistent
body shape, establishing a new state-of-the-art on public benchmarks
and demonstrating robust performance across diverse, in-the-wild envi-
ronments.

Keywords: Human Motion Reconstruction · Egocentric Vision · Diffu-
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1 Introduction

Egocentric vision systems are rapidly becoming commercially available, with a
wide range of products including action cameras [2], VR headsets [1, 3, 7], and
smart glasses [4,5,8,9]. To enable effective human computer interaction, these
systems need to understand 3D human motion and behavior. However, estimating
full-body 3D motion from an egocentric camera remains challenging, as large
portions of the wearer’s body are rarely visible from the first person viewpoint.

Reconstructing 3D human motion from egocentric videos therefore relies on
sparse but informative signals, primarily head trajectories and intermittently
visible hands. Most approaches leverage head trajectories from SLAM or SfM as a
proxy for body motion, given their strong correlation [47,76]. While effective, head-
only cues are inherently ambiguous, since multiple plausible full body poses can
share nearly identical head trajectories. Hand cues provide critical complementary
information. Hand signals can be obtained directly from XR devices [1, 3, 4, 7] or
estimated from RGB videos via robust off-the-shelf models [83]. When visible,
hand positions and motions offer direct evidence of body configuration. Crucially,
even their absence is informative, constraining feasible poses within the camera’s
field of view. Nevertheless, many prior works treat hand cues as auxiliary signals
for post-hoc optimization [45,76]. Such pipelines are computationally expensive
and tend to degrade underlying motion priors, resulting in unnatural motion.
Recent methods incorporate intermittent hand and head signals together for
end-to-end prediction without expensive refinement [21,32,41,53]. While effective
under specific setups, these approaches overfit to static hand visibility boundaries
dictated by particular camera FoVs. We empirically find their performance
degrades significantly across varying optics or mountings.

Another crucial yet underexplored cue is human height. Height constrains
plausible motions, since identical head trajectories can correspond to different
actions depending on body proportions. For instance, a low head position for a tall
person often indicates sitting, whereas the same head height for a shorter person
might imply standing or bending. Despite its importance, existing methods often
assume a fixed mean body shape [19,32,42,45,47] or predict shape independently
at each frame [53,76], leading to inconsistent body proportions over time.

In this paper, we present OmniEgoCap, a unified diffusion framework for
sequence-level egocentric full body motion reconstruction across diverse camera
setups. First, unlike prior approaches that operate on short temporal windows,
our framework processes entire motion sequences. Long-range temporal reasoning
enables reliable estimation of invariant attributes such as height, body propor-
tions, and camera visibility boundaries, inferred from periods of standing or
regular walking, and the spatial distribution of hand appearances. Second, to
robustly leverage intermittent hand cues across various devices, we introduce a
geometry-aware visibility augmentation strategy simulating diverse hand visibility
boundaries and occlusion patterns. By exposing the model to diverse visibility
configurations during training, we encourage it to interpret intermittent hand
observations as geometric constraints rather than missing inputs. OmniEgoCap
thus implicitly adapts to different fields of view and generalizes to unseen camera
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setups without device-specific retraining. Finally, we design an encoder-decoder
architecture with a diffusion-based decoder that jointly predicts consistent body
shape and long-range 3D motion. Combined with a tailored coordinate represen-
tation and training strategy, our framework produces temporally coherent and
physically plausible reconstructions. Extensive experiments on public benchmarks
and in the wild data demonstrate the effectiveness of each component, establishing
state-of-the-art performance for egocentric full-body motion reconstruction.

In summary, our contributions are threefold: (1) A unified sequence-level
diffusion framework with a dedicated encoder–decoder architecture, where a
motion-conditioned encoder and diffusion-based decoder jointly model long-range
dynamics and consistent body shape for egocentric full-body reconstruction;
(2) A geometry-aware visibility augmentation strategy that enables principled
integration of intermittent hand cues and strong generalization across diverse
camera setups; and (3) Extensive experiments and analysis across diverse devices
and capture setups, demonstrating robust cross-device generalization and state-
of-the-art performance on public benchmarks and in-the-wild data.

2 Related Work

Motion Capture from Body-Mounted Sensors or VR-Devices. Wearable
motion capture using IMU sensors provides a camera-free alternative [6, 10], but
lightweight systems with fewer sensors [36,43,66,68,78–80,85] often require global
localization cues from head-mounted cameras [33,45,77] to address the inherent
root drift from integration errors. Another related direction leverages VR/AR
headsets, which provide 6-DoF (degrees of freedom) tracking for both the head
and hand-held controllers (or wrists). To tackle this highly under-constrained
problem, existing methods primarily rely on physics-based simulation [73], direct
deep regression [15,16, 23,41,42,86], or generative priors [19,25,27, 29,62]. While
EgoPoser [41] addresses intermittent tracking loss, it assumes a fixed, predefined
field-of-view boundary, restricting its generalization to arbitrary setups.

Motion Capture from Egocentric Videos. There has been growing interest
in capturing 3D human body pose from body-worn cameras for their ability to
record self-motion anywhere without third-person observations. To maximize
body visibility, a parallel line of research relies on specialized hardware, such as
downward-facing or stereo fisheye cameras [11–13,40,44,57,64,69,71,72,75]. While
these approaches achieve high-fidelity reconstructions, they require specific camera
configurations distinct from ubiquitous everyday wearables. To enable practical
applications, another line of research uses frontal-facing cameras, evolving from
early chest or head-mounted setups [39,49,52,65,70,81,82] to ubiquitous smart
glasses [4, 5]. To infer motion, these methods leverage head trajectories [47],
visual features [32, 53], or intermittent hand cues [21]. However, they are strictly
tied to specific device setups and fixed field-of-views, preventing camera-agnostic
generalization. Although EgoAllo [76] similarly uses sparse hand cues, it heavily
relies on expensive post-hoc optimization, often resulting in unnatural kinematics.
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Fig. 2: Overview of our model. The model F takes the head trajectory T head
0:T and

intermittent hand observations H 0:T , which are �rst converted into spatio-temporally
invariant conditioning features 
 1:T . The encoder E processes
 1:T to predict a single
body shape � and per-frame summary features S 1:T . A di�usion decoder D then
conditions on these features to denoise a noisy canonicalized pose Xn1:T and, via global
alignment, reconstruct the full-body motion M 1:T .

Generative Priors and Temporal Modeling. Our work builds on di�usion
models as powerful generative priors for high-�delity motion synthesis [22, 38,
63,84]. In our context, 3D reconstruction is framed as a generative completion
task [19,20,27,31,34,59], resolving full-body motion from sparse or partial cues.
While e�ective, scaling these completion-based models to long-horizon sequences
is hampered by theO(N 2) attention complexity of standard transformers. To
address this, we adopt a sliding-window attention mechanism [17,48] for e�cient,
sequence-level motion reconstruction, enabling long-term coherence without the
computational overhead of global attention.

3 Method

3.1 Problem Formulation

Given an egocentric video input from an arbitrary device, our goal is to reconstruct
the wearer's 3D full-body motion. Let I 0:T = fI t gT

t=0 denote the egocentric image
stream. From I, we compute the head poses Thead

0:T = f T head
t 2 SE(3)gT

t=0
de�ned in world coordinates and intermittent wrist 6D pose observations H0:T =
f H lHand

t ; H rHand
t gT

t=0 . Here, each HlHand/rHand
t = (T lHand/rHand

t ; vlHand/rHand
t ),

where TlHand/rHand
t 2 SE(3) is its 6-DoF pose de�ned in the head coordinates

and vlHand/rHand
t 2 f 0; 1g is its binary visibility state. A non-visible state can

occur due to occlusion, motion blur, or the wrist moving outside of camera's
�eld of view (FoV). Our model OmniEgoCap takes T head

0:T and H 0:T as input, and
produces the reconstructed human motion M1:T as output:

M 1:T = OmniEgoCap
�
T head

0:T ; H 0:T
�

; (1)

where M1:T = f�; r 1:T ; � 1:T ; � 1:T g is in SMPL format [58] with the shape
parameter � 2 R 16, root translation r 1:T = fr t 2 R3gT

t=1 , root orientation � 1:T =
f� t 2 SO(3)gT

t=1 . � 1:T = f� t = ( � 1
t ; : : : ; � J�1

t ); � j
t 2 SO(3)gT

t=1 are the joint
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angles, whereJ is the number of body joints in SMPL. The root poses are de�ned
in the world coordinate system, consistent with Thead . Note that we predict a
single shape� for a whole sequence, contrasting prior approaches that use a �xed
mean shape [42,45,47] or per-frame shape [53,76]. We implement OmniEgoCap
via a transformer-based di�usion architecture [35,54], which progressively denoises
the motion M conditioned on the sparse cues from the head trajectory Thead

and the detected hand cues H. See Fig. 2 for an overview of our framework.

3.2 Preprocessing and Representation

Preprocessing. Given the egocentric images I, we �rst compute camera poses
T cam

t 2 SE(3)1 via o�-the-shelf SLAMs. We de�ne a world coordinate sys-
tem where the z-axis aligns with gravity and the �oor is at z = 0 . Since
the camera and head joints are not co-located, we compute head poses via
T head

t = T cam!head T cam
t , where Tcam!head is a mount-speci�c but time-invariant

rigid transform estimated via a lightweight pre-calibration step. The 6D hand
observations and visibility H Hand

t are also extracted using o�-the-shelf pose es-
timation modules. For monocular RGB videos, we utilize HaWoR [83] without
their in�lling module to extract both T cam

t and H hand
t . For Aria [28], we use the

internal Aria software tools to compute them.

Coordinate and Representation. Learning motion from long, sparse sig-
nal sequences end-to-end requires spatio-temporally invariant conditioning. To
this end, we convert the raw signals

�
T head

t ; H lHand
t ; H rHand

t

�
into a normalized

representation that is invariant to both spatial and temporal variations.
For the head trajectory, we follow the previous work [76], by de�ning the

per-frame canonical frame at the head's �oor projection, with its z-axis aligned
with gravity and y-axis aligned to the forward direction of the head: Tcano!world

t .
Speci�cally, the condition vector 
 t 2 RD is computed by a simple neural net
function � as follows:


 t = �
�
�T head

t ;R head!cano
t ; ht ; �R cano

t ;T hand!head
t

�
; (2)

where� T head
t is the relative head pose fromt� 1, Rhead!cano

t is the canonicalized
head orientation, and ht is the height of the head, extracted from Thead

t . Unlike
EgoAllo [76], we additionally include the relative rotation in the canonical
coordinate � R cano

t from frame t � 1, since our model explicitly predicts the root
orientation � , as discussed in the next section. We also newly introduce hand
conditions T hand!head

t = (T lHand!head
t , T rHand!head

t ), representing the relative
hand poses with respect to the head coordinate. When the hand is not visible
(i.e., when vlHand/rHand

t = 0), the corresponding cues are replaced with learnable
null embeddings. Notably, we do not include temporal motion cues for the hands,
as wrist observations are often intermittent.
1 T cam

t can be considered as the coordinate transformation from the camera coordinate
to the world coordinate, which can be equivalently denoted as T cam!world

t . Similarly,
T head

t = T head!world
t .
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Global Alignment. Similar to previous work [41, 42, 76], we leverage T head

obtained from SLAM for global localization by directly deriving the root transla-
tion r t . However, unlike EgoAllo [76], we predict the relative root orientation
R root!cano

t with respect to the canonical coordinate as the model output. Con-
cretely, the �nal root orientation is computed as � t = R cano!world

t R root!cano
t .

We demonstrate that our representation provides an additional 3DoF in global
orientation, leading to improved motion stability and accuracy.

3.3 Architecture

We adopt a conditional di�usion model [35] to learn a plausible motion distribution
from the processed conditioning features,
 1:T = f
 t gT

t=1 . For the model's
architecture, we use an encoder-decoder transformer [67], which is well-suited for
time-series data. To e�ciently process arbitrarily long sequences, we implement
both encoder E and decoderD using sliding window local attention with an
attention horizon of W [17, 18, 37, 48] and Rotary Positional Embedding [61],
which reduces the computational complexity from quadratic to linear.

Encoder. The encoder E processes conditioning features
 1:T through three
sub-components to produce the predicted shape parameter̂� and per-frame
summaries S1:T :

�̂ = E shape(
 1:T ) 2 R 16; G = Eglobal (
 1:T ) 2 R D

S1:T = E local (
 1:T ; G) 2 RT �D
(3)

The sub-encodersEshape and Eglobal capture sequence-level, frame-invariant rep-
resentations, �̂ and global context G. We implement them with a few local
attention transformer layers to �rst aggregate local cues, which are then fed into
an attention-based pooling layer [46]. Importantly, shape cues need to be inferred
from a global perspective, since human height can only be reliably estimated
from speci�c frames (e.g., upright postures), which are often ambiguous if ob-
served within local temporal windows. This design choice marks a key distinction
from prior work [76]. Elocal produces summariesS1:T by processing conditions

 1:T through locally attentive mechanisms that aggregate information across
neighboring frames, enabling processing of long-term sequence-level input. To
incorporate global cues, the global contextG is injected via AdaLN-Zero [54],
enabling global modulation of the local aggregation process.

Decoder. The decoder D does not directly denoise �nal motion M. Instead, it de-
noises the canonicalized pose representation, denoted as X0

1:T = f R root!cano
1:T ; � 1:T g.

The root translation r and orientation � are then computed as described in the
Global Alignment section. This decoder D is implemented as a DiT architec-
ture [54], conditioned on the encoded summary featureS1:T and body shape�̂ :

X̂ 0
1:T = D(X n

1:T ; n; �̂; S 1:T ); (4)

where n 2 [1; N ] is the di�usion timestep and X̂ 0
1:T is the predicted X0

1:T . The
noised input X n

1:T is de�ned by the DDPM [35] forward processq(X n
1:T jX 0

1:T ) =
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Fig. 3: Visualization of real-world and simulated visibility boundaries. The
top row shows calibrated FoVs from real-world devices (e.g., Aria, GoPro). The bottom
row illustrates diverse visibility patterns generated by our geometry-aware augmentation
through parameter sampling. Red regions indicate the visible �eld of view.

N (X n
1:T ;

p
�� n X 0

1:T ; (1 � �� n )I), where �� n is the noise schedule. We inject global
conditions n and �̂ via AdaLN, while the per-frame summary S1:T is injected
via cross-attention, using a local attention mask.

3.4 Training

Hand Visibility Augmentation. Recent motion-annotated egocentric datasets
[50] are often tied to speci�c hardware, limiting their generalization to arbitrary
devices. To build a truly device-agnostic model, we leverage diverse AMASS [51]
motions and simulate intermittent hand visibilities via augmentation. Speci�cally,
we introduce a geometry-aware augmentation to simulate real-world visibility
boundary complexities, such as arbitrary �eld-of-views (FoV), camera tilt, varying
aspect ratios, lens masks, and optical distortions. This addresses ideal pinhole
models [21,41], which assume a front-facing camera with a �xed symmetric FoV.
We �rst compute the wrist's yaw  x and pitch  y in head coordinates. We then
de�ne the visiblity boundary using �ve parameters: center o�set ( � x ; � y ) for
tilt, half-angles ( 
 x ; 
 y ) for �eld-of-view size and aspect ratio, and a powerp for
lens distortion and shape. A wrist is visible when its angles satisfy the following
generalized ellipse equation:

�
�
�
�
 x � � x


 x

�
�
�
�

p

+

�
�
�
�
 y � � y


 y

�
�
�
�

p

� 1 (5)

By sampling these parameters from realistic distributions during training, we
expose the model to diverse conditions, improving its generalization. (See Fig. 3
for examples)

Finally, to ensure robustness against imperfect in-the-wild tracking, we addi-
tionally apply stochastic temporal signal drops and pose perturbations. Instead
of simple random masking [14], we model the heavy-tailed nature of real-world
occlusions using Poisson and Log-Normal distributions. Furthermore, we inject
Gaussian noise into the visible wrist poses to account for the inherent jitter of
o�-the-shelf estimators.
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Loss Functions. Our training objective L combinesL simple , L shape , and L aux :

L = L simple + � shapeL shape + L aux (6)

L simple is the standard DDPM [35] objective:

L simple = E n;X 0 ;
 [kX 0 � X̂ 0k2] (7)

To enforce shape consistency without directly penalizing the PCA-derived� ,
which lacks physical meaning, Lshape minimizes the 3D T-pose joint error:

L shape = kFK(0; �) � FK(0; �̂)k 2 (8)

, where FK is the forward kinematics function.
Finally, L aux regularizes the reconstructed motionM̂ 1:T to align with 3D physical
constraints [63] via joint position L pos and foot skating Lskat losses:

L pos =
1
T

TX

t=1

kFK(M t ; �) � FK( M̂ t ; �̂)k 2

L skat =
1

T �1

T �1X

t=1

kFK( M̂ t+1 ; �̂)� FK( M̂ t ; �̂)k 2 �ct

(9)

, where ct is the ground-truth binary contact label. These losses are scaled by�� n

to enforce physical accuracy primarily when the signal level is high:

L aux = �� n (� posL pos + � skat L skat ) (10)

We �nd that L aux is crucial for satisfying the hand condition H and generating
stable and accurate motion. We set the weights� shape = 2 :0, � pos = 0 :25, and
� skat = 0:4.

3.5 Inference

We use DDIM [60] sampling for motion generation. While the feed-forward
denoiser's prediction is accurate, we integrate test-time guidance optimization at
each sampling step to better satisfy the sparse hand constraints H. The objective
is to �nd a re�ned motion ~M 0 by minimizing L opt :

L opt =
TX

t=1

X

j

hp
�� n kFK j ( ~M 0

t ; �̂)�FK j (M̂ 0
t ; �̂)k 2 +sv j

t

p
1� �� n kFK j ( ~M 0

t ; �̂)�p j
t k2

i
(11)

, where FK j denotes the position of hand joint j 2 flHand; rHandg , pj
t is the

observed wrist position in world coordinates derived from H, ands = 30:0 is the
guidance scale. We optimize only the arm joints [42]. The objective balances two
terms. The �rst term (prior) acts as a regularizer, using the denoiser's prior to
ensure motion plausibility. The second term (constraint) acts as a perturbation,
pulling the wrist toward the target pj

t . This dynamically leveragesD's denoising
ability, as the constraint dominates in early steps, while the prior dominates in
late steps, ensuring the motion remains on the manifold. This frame-independent
guidance is highly parallelizable, avoiding slow post-hoc optimization.
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4 Experiments

4.1 Experiment Setting

Dataset. We use the AMASS [51] dataset for training and simulated evaluation.
Sequences are resampled to 30fps and preprocessed following HuMoR [56], ad-
justing the �oor and annotating foot contact labels. We train on the AMASS
train split with stochastic augmentation (Sec. 3.4). We evaluate on AMASS
validation and test splits. The validation split is included speci�cally to enable
long-sequence evaluation, as the standard test split alone is relatively short.

Training Details. We train using AdamW optimizer with a learning rate 10 �4 ,
weight decay 10�4 , and a batch size of 32 for 16 hours on 8 A5000 GPUs. Max
training sequence length is 512 with attention horizonW = � 63, implemented
via FlexAttention [26]. Test-time optimization uses Theseus [55] Levenberg-
Marquardt optimizer. Additional details are provided in the supplementary
material.

Metrics. We use Mean Per Joint Position Error (MPJPE, mm), Mean Per
Joint Velocity Error (MPJVE, cm/s), and Jerk (km/s 3) (the third derivative of
position) to evaluate motion quality. To assess hand observations H, we use Hand
Position Error (Hand PE, mm) and Visible Hand Position Error (Vis Hand
PE, mm, Hand PE on visible frames). For shape, we use Height Error (cm)
and Span Error (cm) for accuracy and Height Standard Deviation (Height
Std, cm) and Span Standard Deviation (Span Std, cm) for consistency. Height
and Span are de�ned as the maximum vertical and horizontal vertex distances
in a T-pose. Runtime (sec) measures the average execution time per sequence,
inclusive of optimization setup on an RTX3090Ti GPU.

4.2 Evaluation under Diverse Realistic Simulations

Baselines. To assess overall performance and validate our architectural advan-
tages, we evaluate baselines across diverse simulated visibility settings using �xed,
pre-generated augmentations (Sec. 3.4). Unlike FoV-speci�c methods [21,41], our
primary baseline, EgoAllo [76], handles arbitrary hand visibility via test-time
optimization. We retrain it on the AMASS train set to prevent data leakage. For a
fair comparison, we introduce variants retrained with our augmentation: EgoAlloy

(di�usion) and EgoPosery [41] (regressor). Notably, we extend EgoAlloy 's di�usion
prior to condition on intermittent hands. For EgoPoser y, we enforce a cold-start
by duplicating the �rst frame to pad its input window. For shape evaluation, we
use the mean shape for spatial metrics and raw per-frame values for consistency.

Results. Table 1 demonstrates that our method clearly outperforms the baselines
in motion quality, shape accuracy, and consistency. While our feed-forward Vis
Hand PE is slightly higher than EgoAllo's optimized version, our overall Hand
PE is signi�cantly lower. This indicates that our approach robustly localizes
hands even during prolonged occlusions. EgoAllo relies on a head-only prior that,
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