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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-
sion Models
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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.



4 K. Cho and H. Joo

Fig. 2: Overview of our model. The model F takes the head trajectory Thead
0:T and

intermittent hand observations H0:T , which are first converted into spatio-temporally
invariant conditioning features Ω1:T . The encoder E processes Ω1:T to predict a single
body shape β and per-frame summary features S1:T . A diffusion decoder D then
conditions on these features to denoise a noisy canonicalized pose Xn

1:T and, via global
alignment, reconstruct the full-body motion M1:T .

Generative Priors and Temporal Modeling. Our work builds on diffusion
models as powerful generative priors for high-fidelity 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 effective, scaling these completion-based models to long-horizon sequences
is hampered by the O(N2) attention complexity of standard transformers. To
address this, we adopt a sliding-window attention mechanism [17,48] for efficient,
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 I0:T = {It}Tt=0 denote the egocentric image
stream. From I, we compute the head poses Thead

0:T = {Thead
t ∈ SE(3)}Tt=0

defined in world coordinates and intermittent wrist 6D pose observations H0:T =

{HlHand
t ,HrHand

t }Tt=0. Here, each H
lHand/rHand
t = (T

lHand/rHand
t , v

lHand/rHand
t ),

where T
lHand/rHand
t ∈ SE(3) is its 6-DoF pose defined in the head coordinates

and v
lHand/rHand
t ∈ {0, 1} is its binary visibility state. A non-visible state can

occur due to occlusion, motion blur, or the wrist moving outside of camera’s
field of view (FoV). Our model OmniEgoCap takes Thead

0:T and H0:T as input, and
produces the reconstructed human motion M1:T as output:

M1:T = OmniEgoCap
(
Thead

0:T ,H0:T

)
, (1)

where M1:T = {β, r1:T ,Φ1:T ,Θ1:T } is in SMPL format [58] with the shape
parameter β ∈ R16, root translation r1:T = {rt ∈ R3}Tt=1, root orientation Φ1:T =
{ϕt ∈ SO(3)}Tt=1. Θ1:T = {θt = (θ1

t , . . . ,θ
J−1
t );θj

t ∈ SO(3)}Tt=1 are the joint
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angles, where J is the number of body joints in SMPL. The root poses are defined
in the world coordinate system, consistent with Thead. Note that we predict a
single shape β for a whole sequence, contrasting prior approaches that use a fixed
mean shape [42, 45, 47] or per-frame shape [53,76]. We implement OmniEgoCap
via a transformer-based diffusion 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 first compute camera poses
Tcam

t ∈ SE(3)1 via off-the-shelf SLAMs. We define a world coordinate sys-
tem where the z-axis aligns with gravity and the floor is at z = 0. Since
the camera and head joints are not co-located, we compute head poses via
Thead

t = Tcam→headTcam
t , where Tcam→head is a mount-specific but time-invariant

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

t are also extracted using off-the-shelf pose es-
timation modules. For monocular RGB videos, we utilize HaWoR [83] without
their infilling module to extract both Tcam

t and Hhand
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

(
Thead

t ,HlHand
t ,HrHand

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 defining the

per-frame canonical frame at the head’s floor projection, with its z-axis aligned
with gravity and y-axis aligned to the forward direction of the head: Tcano→world

t .
Specifically, the condition vector Ωt ∈ RD is computed by a simple neural net
function Γ as follows:

Ωt = Γ
(
∆Thead

t ,Rhead→cano
t , ht, ∆Rcano

t ,Thand→head
t

)
, (2)

where ∆Thead
t is the relative head pose from t−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 ∆Rcano

t from frame t− 1, since our model explicitly predicts the root
orientation Φ, as discussed in the next section. We also newly introduce hand
conditions Thand→head

t = (TlHand→head
t , TrHand→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 Tcam

t can be considered as the coordinate transformation from the camera coordinate
to the world coordinate, which can be equivalently denoted as Tcam→world

t . Similarly,
Thead

t = Thead→world
t .
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Global Alignment. Similar to previous work [41, 42, 76], we leverage Thead

obtained from SLAM for global localization by directly deriving the root transla-
tion rt. However, unlike EgoAllo [76], we predict the relative root orientation
Rroot→cano

t with respect to the canonical coordinate as the model output. Con-
cretely, the final root orientation is computed as ϕt = Rcano→world

t Rroot→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 diffusion model [35] to learn a plausible motion distribution
from the processed conditioning features, Ω1:T = {Ωt}Tt=1. For the model’s
architecture, we use an encoder-decoder transformer [67], which is well-suited for
time-series data. To efficiently process arbitrarily long sequences, we implement
both encoder E and decoder D 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 Ω1:T through three
sub-components to produce the predicted shape parameter β̂ and per-frame
summaries S1:T :

β̂ = Eshape(Ω1:T ) ∈ R16, G = Eglobal(Ω1:T ) ∈ RD

S1:T = Elocal(Ω1:T ,G) ∈ RT×D
(3)

The sub-encoders Eshape and Eglobal capture sequence-level, frame-invariant rep-
resentations, β̂ and global context G. We implement them with a few local
attention transformer layers to first 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 specific 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 summaries S1:T by processing conditions
Ω1: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 context G is injected via AdaLN-Zero [54],
enabling global modulation of the local aggregation process.

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

1:T = {Rroot→cano
1:T ,Θ1:T }.

The root translation r and orientation Φ 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 feature S1:T and body shape β̂:

X̂0
1:T = D(Xn

1:T , n, β̂,S1:T ), (4)

where n ∈ [1, N ] is the diffusion timestep and X̂0
1:T is the predicted X0

1:T . The
noised input Xn

1:T is defined by the DDPM [35] forward process q(Xn
1:T |X0

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 field of view.

N (Xn
1:T ;

√
ᾱnX

0
1:T , (1− ᾱn)I), where ᾱn is the noise schedule. We inject global

conditions n and β̂ 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 specific 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. Specifically,
we introduce a geometry-aware augmentation to simulate real-world visibility
boundary complexities, such as arbitrary field-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 fixed symmetric FoV.
We first compute the wrist’s yaw ψx and pitch ψy in head coordinates. We then
define the visiblity boundary using five parameters: center offset (ϕx, ϕy) for
tilt, half-angles (γx, γy) for field-of-view size and aspect ratio, and a power p for
lens distortion and shape. A wrist is visible when its angles satisfy the following
generalized ellipse equation:∣∣∣∣ψx − ϕx

γx

∣∣∣∣p + ∣∣∣∣ψy − ϕy
γy

∣∣∣∣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
off-the-shelf estimators.
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Loss Functions. Our training objective L combines Lsimple, Lshape, and Laux:

L = Lsimple + λshapeLshape + Laux (6)

Lsimple is the standard DDPM [35] objective:

Lsimple = En,X0,Ω[∥X0 − X̂0∥2] (7)

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

Lshape = ∥FK(0, β)− FK(0, β̂)∥2 (8)

, where FK is the forward kinematics function.
Finally, Laux regularizes the reconstructed motion M̂1:T to align with 3D physical
constraints [63] via joint position Lpos and foot skating Lskat losses:

Lpos =
1

T

T∑
t=1

∥FK(Mt, β)− FK(M̂t, β̂)∥2

Lskat =
1

T−1

T−1∑
t=1

∥FK(M̂t+1, β̂)− FK(M̂t, β̂)∥2 ·ct

(9)

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

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

Laux = ᾱn(λposLpos + λskatLskat) (10)

We find that Laux is crucial for satisfying the hand condition H and generating
stable and accurate motion. We set the weights λshape = 2.0, λpos = 0.25, and
λskat = 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 find a refined motion M̃0 by minimizing Lopt:

Lopt=

T∑
t=1

∑
j

[√
ᾱn∥FKj(M̃

0
t , β̂)−FKj(M̂

0
t , β̂)∥2+svjt

√
1−ᾱn∥FKj(M̃

0
t , β̂)−pjt∥

2
]
(11)

, where FKj denotes the position of hand joint j ∈ {lHand, rHand}, pjt is the
observed wrist position in world coordinates derived from H, and s = 30.0 is the
guidance scale. We optimize only the arm joints [42]. The objective balances two
terms. The first 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 pjt . This dynamically leverages D’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 floor 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 specifically 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 horizon W = ±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/s3) (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 defined 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 fixed,
pre-generated augmentations (Sec. 3.4). Unlike FoV-specific 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: EgoAllo†
(diffusion) and EgoPoser† [41] (regressor). Notably, we extend EgoAllo†’s diffusion
prior to condition on intermittent hands. For EgoPoser†, we enforce a cold-start
by duplicating the first 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 significantly 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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Table 1: Quantitative results under diverse simulated settings. w/o opt denotes
evaluation without optimization; w/ opt denotes evaluation with optimization.

Method MPJPE↓ MPJVE↓ Jerk↓ Hand PE↓ Vis Hand PE↓ Height↓ Span↓ Height Std↓ Span Std↓ Runtime↓
EgoAllo (w/o opt) 122.99 44.02 0.350 318.69 298.01 3.80 6.24 1.87 2.43 2.49
EgoAllo (w/ opt) 99.32 31.66 0.152 164.80 41.49 3.86 6.19 1.84 2.35 56.09
EgoPoser† 203.25 81.75 1.478 522.86 500.15 6.47 9.41 3.22 4.03 0.09
EgoAllo† (w/o opt) 103.55 35.57 0.290 212.95 122.89 3.62 6.10 1.70 2.06 2.55
EgoAllo† (w/ opt) 94.00 26.13 0.120 142.24 25.74 3.78 6.25 1.71 2.08 59.26
Ours (w/o opt) 81.35 25.81 0.117 146.71 56.98 2.40 4.61 0.00 0.00 2.07
Ours (w/ opt) 80.45 25.48 0.120 132.74 29.34 2.40 4.61 0.00 0.00 5.97

Fig. 4: Qualitative results under diverse simulated settings. (Left) In a dance
sequence, EgoAllo produces unnatural arm poses and unstable motion, while ours
remains plausible and smooth. (Right) During a kick, EgoAllo’s prior hallucinates the
invisible hand back into FoV. Ours correctly predicts the hand moving outside the view.

due to its inherent ambiguity, frequently hallucinates invisible hands back into
the FoV (Fig. 4). Because its test-time optimization cannot fully correct this
error, it causes arms to unnaturally snap to observed positions upon re-entry.
By conditioning on hand cues and the visibility-encoding global context G, our
prior avoids this issue and accurately infers the position of unseen hands outside
the FoV. Furthermore, our lightweight, timestep-adaptive optimization preserves
physical plausibility by refining poses on the motion manifold. This prevents the
severe artifacts, such as body penetration and implausible joint angles (Fig. 4),
caused by EgoAllo’s aggressive post-hoc optimization. This naturally satisfies
intermittent constraints and achieves superior smoothness without an explicit
smoothness loss, operating over 9× faster. Moreover, our model predicts a single,
accurate, and consistent body shape (β) by aggregating sequence-level cues via
attention-based pooling. In contrast, baselines rely on fluctuating per-frame
predictions that destabilize the head-device geometry and cause severe motion
ambiguity (e.g ., a small person standing vs. a large person sitting under identical
inputs; Fig. 7). By ensuring a constant β, our model completely eliminates this
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Table 2: Quantitative results across varying camera setups. Metrics are denoted
as PE (MPJPE), VE (MPJVE), H-PE (Hand PE), and V-PE (Vis Hand PE).

Method
90◦ FoV 120◦ FoV 180◦ FoV

PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓ PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓ PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓
EgoPoser (120) 100.80 41.44 0.519 164.19 82.24 95.62 39.60 0.505 136.04 64.84 88.95 36.52 0.427 100.93 72.59
EgoAllo†† (120) 110.23 37.95 0.298 212.93 69.68 107.10 36.87 0.293 178.94 71.38 113.14 39.26 0.284 156.06 109.17
EgoAllo (w/ opt) 112.06 34.74 0.162 239.87 11.06 104.80 32.72 0.165 192.48 11.10 86.70 26.94 0.159 75.56 10.56
Ours (120) 101.56 31.49 0.129 207.62 68.96 91.11 28.94 0.126 152.14 59.05 92.07 28.06 0.115 130.77 75.89
Ours (p = 0.2) 151.73 45.72 0.158 278.73 75.39 131.97 41.41 0.154 246.58 60.44 94.78 30.75 0.139 137.02 42.60
Ours 93.65 28.67 0.119 199.35 59.94 85.70 26.80 0.117 158.33 52.21 72.22 23.54 0.114 88.50 46.57
Ours (w/ opt) 93.21 28.51 0.120 193.40 28.19 85.32 26.61 0.119 149.65 25.26 71.67 23.09 0.117 70.96 23.19

Method
90◦ FoV + 30◦ Downward Tilt 120◦ hFoV × 60◦ vFoV Average

PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓ PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓ PE↓ VE↓ Jerk↓ H-PE↓ V-PE↓
EgoPoser (120) 98.02 40.54 0.526 150.97 96.47 104.63 42.59 0.525 183.79 94.00 97.60 40.14 0.500 147.18 83.33
EgoAllo†† (120) 115.86 40.02 0.287 183.02 106.77 113.94 39.06 0.299 237.91 77.34 112.05 38.63 0.292 193.77 86.87
EgoAllo (w/ opt) 91.36 28.15 0.156 108.28 10.64 115.13 35.48 0.161 259.06 11.18 102.01 31.61 0.161 175.05 10.91
Ours (120) 95.64 29.15 0.117 160.50 80.55 111.58 33.49 0.131 266.18 78.85 98.39 30.23 0.124 183.44 72.66
Ours (p = 0.2) 103.51 32.70 0.142 172.89 40.13 161.32 47.28 0.159 295.27 88.26 128.66 39.57 0.150 226.10 61.36
Ours 75.70 24.28 0.115 110.64 43.26 98.00 29.60 0.119 223.59 69.26 85.05 26.58 0.117 156.08 54.25
Ours (w/ opt) 75.36 23.95 0.117 96.23 22.05 97.48 29.46 0.120 217.47 31.47 84.61 26.32 0.119 145.54 26.03

inconsistency. Finally, our robust performance stems from our unique structural
design rather than the augmented training data alone. Retraining the baselines
with our augmentations confirms their inherent limitations. The regression-based
EgoPoser† collapses to the mean pose, merely adjusting global orientation and
causing high jitter. While the diffusion-based EgoAllo† learns a better prior, its
feed-forward predictions remain inaccurate, and its optimized performance still
trails ours (see Sec. 4.5 for a detailed architectural analysis).

4.3 Evaluation across Varying Camera Setups

Baselines. To evaluate robustness across varying camera setups, we compare our
model against EgoPoser [41] (regressor), EgoAllo†† (extended hand-conditioned
diffusion), and EgoAllo [76] with test-time optimization. To isolate geometry
effects, all models are trained and tested without temporal drops or pose pertur-
bations. During training, baselines assume EgoPoser’s fixed 120◦ pinhole FoV,
whereas our model relies solely on the proposed geometry-aware augmentation
for hand visibility. For evaluation, we synthesize hand visibility masks using
EgoPoser’s formulation across five setups: 120◦, 90◦, and 180◦ FoV, 120◦ hFoV
× 60◦ vFoV and 90◦ FoV with a 30◦ downward pitch.

Results. Table 2 shows that our camera-agnostic framework consistently outper-
forms 120◦-trained specialists (EgoPoser, EgoAllo††) across all setups, including
their native 120◦ domain. This demonstrates robust generalization under ge-
ometry shifts, achieved by synergizing a diffusion prior with geometry-aware
augmentation. Unlike regression models that inherently collapse to a learned
mean pose when hands become invisible, our diffusion prior ensures natural,
continuous arm trajectories. While EgoPoser successfully tracks visible joints
as observations expand, its competitively low Hand PE is misleading. Instead,
it collapse to the mean pose when hands are invisible, which conservatively
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Fig. 5: Qualitative results across varying camera setups. (Left) Sudden arm
movements in EgoPoser and arms pushed out of bounds in EgoAllo†† at 90◦ FoV.
(Right) Misaligned tracking of EgoAllo†† at 180◦ FoV.

Fig. 6: Qualitative results on in-the-wild data. Reconstructions from (Left) Aria
RGB (monocular) and (Right) GoPro captures.

bounds absolute error but destroys kinematic plausibility, causing abrupt motion
discontinuities when observations drop out (Fig. 5). Furthermore, exposing our
network to a continuous spectrum of simulated visibilities teaches it a robust
relationship between motion and camera-induced boundaries. This prevents the
severe geometry overfitting exhibited by the diffusion-based EgoAllo††. Paradoxi-
cally, EgoAllo††’s MPJPE worsens in 180◦ and tilted setups despite increased
visibility. As Fig. 5 illustrates, it unnaturally pushes invisible hands to its learned
120◦ boundary in 90◦ FoVs and fails to exploit valid observations beyond this
limit in 180◦ FoVs, causing misaligned tracking. Consequently, our framework
generalizes remarkably well to unseen, strictly bounded pinhole FoVs (p→ ∞).
By effectively incorporating available visual cues, the model dynamically adapts
to arbitrary camera optics without requiring any setup-specific retraining.

4.4 Qualitative Results in the Wild

To demonstrate real-world generalization, we evaluate OmniEgoCap on EgoExo4D
[30], Reading in the wild [74], EPIC-KITCHENS [24], and custom captures.
As shown in Fig. 1, 7, and 6, our unified model reconstructs coherent full-
body motion across diverse camera configurations without hardware-specific
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Table 3: Quantitative results on abla-
tion studies. Comparison of variants on
diverse simulated hand observation. All vari-
ants evaluated without optimization.

Method MPJPE↓ MPJVE↓ Jerk↓ Hand PE↓ Vis Hand PE↓

No Shape/Global 97.06 25.17 0.104 161.25 79.70
No Shape Cond 86.55 26.59 0.111 156.09 65.05
No Global 83.53 26.82 0.116 152.73 65.99
Concat 81.60 26.13 0.112 149.92 61.42

No Auxiliary 83.44 27.56 0.163 153.17 60.57

No Root Ori 87.68 26.95 0.120 154.81 66.17
Head 82.13 25.43 0.119 148.71 58.17

Default 81.35 25.81 0.117 146.71 56.98

Fig. 7: Qualitative results on
EgoExo4D. EgoAllo’s shape inconsis-
tency worsens under real-world noise,
causing fluctuations during static cook-
ing, while ours remains stable.

retraining and efficiently processes untrimmed videos exceeding 6 minutes on
a single RTX 3090Ti GPU. The combination of our perturbation-aware prior
and manifold-preserving refinement protects the framework against monocular
tracking noise [83], preventing unnatural poses while ensuring consistent body
shape and global stability. This establishes OmniEgoCap as a device-agnostic
solution generalizing across diverse devices and configurations in the wild.

4.5 Ablation Studies

We conduct ablation studies to validate our key design choices, comparing our
full model against variants with specific components removed.

Necessity of Geometry-Aware Augmentation. We validate our geometry-
aware augmentation against two baselines: Ours (Random) using p = 0.2
random masking [14, 41], and Ours (120) trained on a fixed 120◦ FoV. The
Ours (Random) variant performs worst. By ignoring spatial boundaries, it
fails to learn motion-FoV correlations, making it highly vulnerable to realistic,
contiguous occlusions. Alternatively, the Ours (120) variant acts as a specialist.
It learns a strong native prior but suffers from severe geometry overfitting;
like EgoAllo†† (Sec. 4.3), its performance degrades under out-of-distribution
camera setups. In contrast, our continuous visibility spectrum teaches robust
camera-to-motion relationships, yielding a true device-agnostic generalist.

Importance of Sequence-Level Context. To validate our sequence-level
context G and β, we define four baselines: No Shape/Global removes all
sequence-level contexts, using mean shape; No Shape Cond omits β as a de-
coder condition; No Global predicts β but removes G; and Concat injects G
via concatenation. First, removing all context (No Shape/Global) degrades
MPJPE to 97.06mm, while reintroducing Eshape (No Global) improves it to
83.53mm, proving an identity-preserving shape β is crucial. Furthermore, adding
G via AdaLN (Default) further improves hand accuracy, reducing Hand PE
and Vis Hand PE, confirming G is essential for generating FoV-consistent hand
trajectories. By implicitly encoding FoV boundaries through the spatial distribu-
tion of visibility transitions, the model resolves hand location ambiguities local
cues cannot address. Without this context, the model fails to infer out-of-FoV
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positions, unnaturally hallucinating invisible hands into the camera’s view (ex-
amples in the supplementary material). Validating our injection strategy, the
degradation in No Shape Cond (81.35mm to 86.55mm) implies the denoiser
must be conditioned on body shape β to predict correct joint orientations for
varying bone lengths. Additionally, Concat fails to match our AdaLN’s hand
accuracy, suggesting global modulation better incorporates FoV information.

Auxiliary Loss. We validate the auxiliary loss Laux. Although many diffusion-
based models [19, 47, 53, 76] rely solely on Lsimple, which operates purely on joint
orientations, this is insufficient. Small orientation errors accumulate along the
kinematic chain, causing large position errors at end-effectors like hands. We
introduce Laux to penalize 3D position errors. Removing Laux (No Auxiliary)
degrades MPJPE and end-effector accuracy (Vis Hand PE 56.98mm to 60.57mm).
This confirms Laux is critical for satisfying the hand condition H. It also acts as
a 3D geometric regularizer. Its removal causes a 39% Jerk spike. Thus, Laux is
indispensable for hand-aware models to generate accurate and smooth motion.

Root Representation. We validate root orientation parameterization. The No
Root Ori variant, mimicking EgoAllo [76] by directly stitching predicted body
to Thead, performs worst. This approach removes 3DoF, eliminating flexibility by
making the root’s orientation entirely dependent on the head. Alternatively, the
Head variant predicts root orientation in head coordinate system (Rroot→head

t ).
While restoring flexibility, it forces the model to learn a difficult 3D mapping
relative to the volatile head coordinate. In contrast, our gravity-aligned canonical
frame provides a stable 2D mapping that is easier to learn. This strikes the best
balance between flexibility and stability, yielding top performance.

5 Discussion

We have presented OmniEgoCap, a unified sequence-level diffusion framework
for robust 3D full-body motion reconstruction across diverse egocentric setups. By
leveraging long-range temporal reasoning and geometry-aware visibility augmen-
tation, our model treats intermittent hand observations as geometric constraints,
enabling device-agnostic reconstruction that generalizes to unseen optics and
mounting configurations without hardware-specific retraining. Finally, predicting
a consistent body shape (β) and sequence-level context (G) provides physical
anchors that resolve head-trajectory ambiguity and capture visibility boundaries
beyond local windows, yielding stable and kinematically plausible motion.

While our framework is robust in practice, it depends on the reliability
of upstream SLAM and hand-tracking modules. Moreover, our sequence-level
architecture emphasizes global context for stable motion reconstruction, but
it is currently optimized for offline processing rather than low-latency, real-
time inference. Our experiments also assume a flat ground plane and do not
explicitly model detailed finger articulation or hand-object interactions. Improving
robustness to tracking failures and relaxing these environmental assumptions, such
as by incorporating non-planar scene geometry and richer models for hand-object
interaction, are promising directions for future research.
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A Implementation Details

In this section, we provide additional details to supplement the descriptions in the
main text. To ensure full reproducibility, we will release our code and pre-trained
checkpoints upon acceptance.

Network Architecture. Tab. 1 summarizes the capacity of each sub-network.
While the core structural design is introduced in the main text, we detail the
specific module configurations here. Prior to the transformer blocks, raw condition
variables are projected into their respective hidden dimensions via Multi-Layer
Perceptrons (MLPs). For the shape and global branches, the attention poolers [6]
consist of a single cross-attention layer with 16 learnable queries, followed by a
self-attention layer and MLPs. Throughout the network, all transformer blocks
adopt pre-Layer Normalization and GELU activations. In the decoder, the global
conditioning vector for the AdaLN-Zero [7] modules is constructed by directly
adding the Fourier-embedded diffusion timestep n and the MLP-projected shape
parameter β̂.

Training and Inference. We apply an Exponential Moving Average (EMA)
decay of 0.9999 to stabilize training. For the diffusion process, our model is
parameterized to directly predict the clean canonicalized pose X0 (X0-prediction).
We utilize a cosine noise schedule with 1,000 DDPM [4] training timesteps, while
inference is accelerated using 30 DDIM [8] steps. For the test-time guidance
optimization introduced in the main text, we specifically optimize only the
3D local rotations of the arm joints (e.g ., shoulder, elbow, wrist). To ensure
computational efficiency, the Levenberg-Marquardt solver is constrained to a
maximum of 5 iterations per diffusion step and is executed in a fully vectorized
manner.

B Augmentation Details

We present the detailed hyperparameters for the augmentation strategy intro-
duced in Sec. 3.4.

Geometry-Aware Augmentation. To simulate diverse capture setups, ranging
from monocular and stereo to fisheye systems with varying orientations (forward
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Table 1: Architectural Hyperparameters. Detailed
configurations of the transformer modules used in Om-
niEgoCap.

Module Hidden Dim Out Dim Layers Heads Dropout

Shape Encoder 384 384 2 6 0.1
Shape Pooler 384 16 1 6 0.1
Global Encoder 384 384 2 6 0.1
Global Pooler 384 512 1 6 0.1
Local Encoder 512 512 6 8 0.1
Decoder 512 132 8 8 0.1

Table 2: Comparison
with DSPoser. Tested on
circular 90◦ FoV.

Method MPJPE↓ MPJVE↓

DSPoser 55.1 24.19
Ours 52.15 17.58

to downward), we sample spatial parameters uniformly. The sampling ranges are
defined as follows (angles in radians):

γx ∈ [0.35, 2.15], γy ∈ [0.35, 1.35]

ϕx ∈ [−0.15, 0.15], ϕy ∈ [0.0, 1.5], p ∈ [2.0, 10.0]
(1)

To preserve realistic aspect ratios and tilt orientations, we enforce the constraints:

0.4 ≤ γy
γx

≤ 1.1, ϕy ≤ 0.4 + (γy − 0.35) · 1.1. (2)

Temporal Drops and Pose Perturbation. To simulate realistic tracking
failures like motion blur or prolonged occlusions, we employ a two-stage stochastic
masking strategy. We dynamically sample the number of drop events K ∼
Poisson(T ·ρ/E[D]) for a sequence of length T to match a target drop ratio ρ. The
duration D of each drop is drawn from a heavy-tailed Log-Normal distribution
with mean m = E[D] and standard deviation s. We define two independent
masking modes:

Short: ρ ∼ U(0.0, 0.1), m = 2.0, s = 1.0

Long: ρ ∼ U(0.0, 0.2), m = 28.0, s = 25.0
(3)

The final visibility mask is the union of these two modes, clipping the long-drop
durations to a minimum of 5 frames.

Finally, to mimic the inherent jitter of off-the-shelf pose estimators, we inject
Gaussian noise into the visible wrist poses. Specifically, we apply additive noise
sampled from N (0, 0.0052) for the 3D translations (in meters) and N (0, (π/180)2)
for the rotation angles (in radians) along each axis.

C Comparison with DSPoser

While DSPoser [3] is closely related to our work, its official implementation is not
publicly available, precluding a direct evaluation under the diverse camera setups
investigated in our main text. To ensure a fair and comprehensive comparison,
we provide additional results by training and evaluating our model strictly
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following DSPoser’s official protocol and comparing it against their reported
metrics. Specifically, we evaluate our framework under their fixed 90◦ circular
field-of-view (FoV) setting using the AvatarPoser [5] train/test split. Furthermore,
since DSPoser does not model varying body proportions, we disable our shape
prediction module (Eshape) and enforce a fixed mean body shape during both
training and inference to ensure an exact experimental match.

As shown in Tab. 2, our camera-agnostic framework outperforms the 90◦-
trained specialist (DSPoser) even within its native 90◦ domain. This is consistent
with our findings in Sec. 4.3, where our model also outperformed FoV-specific
specialist baselines even in their native settings. By exposing our network to
a continuous spectrum of simulated visibilities, the model effectively mitigates
FoV-specific bias and reduces the geometry overfitting typically exhibited by
specialist models trained on fixed configurations.

D Qualitative Analysis on Ablation Studies

As discussed in Sec. 4.5 of the main text, Fig. 1 provides further qualitative
analysis to highlight the critical impact of the global context (G) in resolving
out-of-FoV ambiguities. In the initial frames of the sequence, our full model
correctly reconstructs the hands outside the camera’s view, whereas the No
Global baseline incorrectly places them in front of the body. As the motion
progresses and the subject swings their arms forward, the wrists enter the frontal
field-of-view (FoV) and become clearly observed. By aggregating sequence-level
cues via G, our full model leverages this later visibility evidence to correctly infer
that the initially unobserved hands must have been outside the FoV. In contrast,
the No Global model, constrained by a local attention horizon, lacks this broader
temporal context and hallucinates the invisible hands within the camera’s view.
These results further support our claim that the global context implicitly encodes
FoV boundaries, serving as an important constraint for accurately disambiguating
egocentric motions.

E Representation Visualization

We provide visual illustrations of the coordinate representations detailed in
Sec. 3.2 of the main text. Following EgoAllo [10], the canonical frame serves as a
gravity-aligned local reference. It is defined by projecting the head coordinate onto
the ground plane, aligning its z-axis with gravity and its y-axis with the head’s
forward direction. Based on this frame, Fig. 2 visualizes the spatio-temporally
invariant relative transformations used to construct our model’s features. These
include the relative head trajectory (∆Thead

t ), wrist positions relative to the head
(Thand→head

t ), canonicalized head orientation (Rhead→cano
t ), head height (ht),

relative canonical rotation (∆Rcano
t ), and relative root orientation (Rroot→cano

t ).
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Fig. 1: Qualitative Analysis of Ablation
Studies. In a jumping and running sequence,
the No Global model incorrectly places invisi-
ble hands within the visible zone due to the lack
of global context. In contrast, our full model
correctly infers that the invisible hands are out-
side the FoV.

Fig. 2: Representation Visual-
ization. Illustration of the gravity-
aligned canonical frame and the rela-
tive geometric transformations used
to construct our model’s features.

F Calibration and World Alignment

We present the detailed calibration and alignment procedures used to map raw
tracking data into the gravity-aligned world coordinate system, expanding upon
Sec. 3.2 of the main text. Importantly, these steps are lightweight one-time
preprocessing procedures and do not require any device-specific retraining.

Camera-to-Head Calibration. To map the camera trajectory to the head
joint, we must determine the rigid transformation Tcam→head. For Aria [2] and
Quest [1], which track the center eye frame, we use a precomputed transformation
based on a mean body shape. For monocular cameras, estimating the absolute
metric translation between the camera and the head joint is ill-posed. Therefore,
we decouple the calibration of translation and orientation. We approximate the
translation offset based on the device mounting configuration (e.g ., using an
external reference image). For the orientation, we use a brief pre-calibration phase
where the user stands straight and looks forward. Since this posture approximately
aligns with our predefined canonical head frame, we can estimate the relative
rotation from the camera to the head joint from this initialization.

Ground Plane Fitting and Scale Correction. To establish the world coordi-
nate system, we determine the ground plane by extracting the global 3D point
cloud—generated either by the device’s native SLAM system (e.g ., Aria) or the
DROID-SLAM [9] backend within a modified HaWoR pipeline [11]. We apply
RANSAC to this point cloud to fit the ground plane, using its normal to define
the gravity-aligned z-axis.
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Fig. 3: Additional qualitative results on in-the-wild data. Reconstructions from
(Upper Left) iPhone 15, (Upper Right) Quest, (Lower Left) Aria Stereo (SLAM), and
(Lower Right) Aria Monocular (RGB).

For monocular in-the-wild captures, we further refine the global scale for
qualitative visualization. Since the initial metric scale from HaWoR is often
inaccurate, we estimate a single global scale correction factor during the static
standing phase of the pre-calibration by comparing the estimated camera height
against an approximate physical camera height based on the user’s height and
device placement. This correction is used only as a preprocessing step to resolve
the metric ambiguity of monocular SLAM for qualitative in-the-wild examples.

G Additional Qualitative Results in the Wild

In Fig. 3, we provide additional in-the-wild reconstruction results captured across
diverse setups, including an iPhone 15 (26mm lens), Meta Quest 3 [1], and Project
Aria [2]. Notably, for the Aria RGB sequences, we determine hand visibility by
projecting the device’s 3D hand tracking outputs onto the 2D image plane. For
the Quest captures, the visualized front RGB image is shown only for reference;
hand tracking is estimated by the headset’s onboard camera system rather than
being restricted to the displayed RGB view. Complementing the main text, these
diverse examples further highlight OmniEgoCap’s robust and device-agnostic
generalization capabilities across unconstrained camera setups. We encourage
readers to view the supplementary video for animated visualizations.

H Failure Cases

We further investigate representative failure cases in Fig. 4, which are shared by
head-centric egocentric reconstruction methods, including both EgoAllo [10] and
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Fig. 4: Representative failure cases. Gray corresponds to the ground truth, blue to
Ours (w/ opt), and purple to EgoAllo (w/ opt).

our framework. First, seated poses remain inherently ambiguous in an egocentric
view, as similar head and hand trajectories may correspond to squatting, sitting
on the floor, or sitting on a chair. Second, near-lying poses may introduce minor
foot-floating artifacts, as the head-centric canonicalization becomes less stable in
such extreme configurations. Additionally, our reconstruction quality may also
degrade when the upstream SLAM or hand tracking signals become unreliable.
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