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Fig. 1: EgollxoMoCap is a lightweight, distributed human motion capture system.
Given two or more subjects wearing head-mounted devices, the approach combines
continuous egocentric signals with intermittent cxocentric camera views to robustly
handle challenges such as out-of-view motions (a) and severe body occlusions (b).

Abstract. Human motion capture from head-mounted devices (HMDs)
offers a scalable way to acquire real-world human motion and interac-
tion data, which is crucial for applications in embodied AI and VR/AR.
Existing approaches focus on either egocentric body tracking, estimat-
ing the motion of the subject wearing the device, or exocentric track-
ing, capturing the movements of people in the wearer’s surroundings. So
far, these two paradigms have largely been explored in isolation. In this
paper, we propose a novel distributed framework that jointly leverages
ego- and exocentric multi-modal signals for human motion estimation
from HMDs. Unlike traditional motion capture systems requiring bulky
multi-camera setups or obtrusive mocap suits, our approach, EgoExo-
MoCap, is as simple as two (or more) people, each wearing a pair of
smart glasses. The method leverages head (plus potentially wrist) track-
ing signals for accurate estimation of global motion in the 3D world and
combines context-aware image features based on DINOv3 to achieve ro-
bustness in the presence of noise and occlusions. Extensive experiments
on two in-the-wild datasets show that our approach can robustly recon-
struct motion even in challenging scenarios.
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1 Introduction

Accurate and robust human motion capture in the wild is important for many
applications, including robotics, virtual and augmented reality (VR/AR), and
human-computer interaction. Recent efforts have shown growing interest in using
egocentric devices and videos as scalable sources of human demonstrations [34,

,069,72,97], yet accurate full-body motion capture from such devices remains
challenging, as traditional motion capture systems often require bulky multi-
camera setups or obtrusive mocap suits.

Several approaches in the literature [70,73,90,91] focus on in-the-wild cap-
ture via exocentric body tracking: an external RGB camera (e.g., from a phone)
captures the performance of the subject and the resulting monocular video is
used to infer their 3D motion. These methods often struggle in reconstructing
global motion in world space, given the inherent ambiguity of the problem; fur-
thermore, they suffer in the presence of body occlusions, fast camera motions,
and image blur.

An alternative is offered by the recent proliferation of wearable devices,
such as smart glasses equipped with cameras and inertial sensors (e.g., Project
Aria [25]). Lightweight and easily usable for hours, these devices capture multi-
modal streams including head and hand trajectories plus stereo/RGB images.
Recent work [12,29, 38, 39] leverage these devices for egocentric body motion
tracking and synthesis. Approaches commonly rely on head and wrist poses,
plus potentially egocentric camera streams, to infer the wearer’s pose. However,
sensor noise and the limited visibility of the subject’s body from the egocentric
cameras make it difficult to faithfully reconstruct motions.

Recent progress in multi-human motion estimation [11,15,81,94] highlights
the need to capture coordinated human behaviors and interactions. However,
existing methods mainly estimate people from external observations or indi-
vidually worn sensors, without exploiting mutual observations among multiple
users. More broadly, exocentric and egocentric sensing has been largely stud-
ied in isolation, with only a few efforts using third-person or external views as
training-time supervision for egocentric pose estimation [21,87]. In contrast, a
multi-HMD setup turns each participant into both a motion subject and a mobile
observer of others, creating a natural opportunity for collaborative motion cap-
ture. Enabled by modern HMDs that support distributed information exchange
and accurate time alignment [1], we introduce EgoExoMoCap, a unified frame-
work that jointly leverages egocentric self-motion cues and exocentric tracking
signals from Aria glasses [25] for distributed human motion capture.

The first challenge is how to effectively combine heterogeneous signals: the
head (plus potentially wrist) poses tracked by the glasses worn by one subject
(wearer), plus the images coming from the glasses worn by another subject
observing the wearer. Qur approach first estimates an initial body pose from
egocentric streams, which serves as initialization and provides reliable region
proposals for person localization in exocentric views. Subsequently, we detect
2D keypoints [93] in the exocentric view, unproject them to 3D rays via the
observer’s camera parameters, and transform them into the egocentric coordinate
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frame via the wearer’s camera parameters. We find this a simple yet effective
solution to unify input streams into a consistent (egocentric) coordinate frame.
It generalizes well across diverse motions and ensures scalability to scenarios
encompassing multiple observers/exocentric images.

The second challenge is posed by the unreliability of exocentric streams. As
the observer looks around, the wearer might be partially or totally out of the
field of view. Frequent human-scene interactions, also studied in prior work on
scene-aware motion modeling and human-scene interaction [8,53,71,107], cause
additional body occlusions and pose ambiguities; in these scenarios, even state-
of-the-art 2D keypoint estimators are not robust enough. We propose to leverage
the context around the subject, computing deep image features with DINOv3 [74]
and using them to learn per-keypoint confidence scores. This effectively balances
the contributions of egocentric and exocentric signals, relying more on one or
the other depending on the reliability of the exocentric streams.

To summarize, our contributions are as follows:

(1) We propose a lightweight, portable solution for in-the-wild motion cap-
ture, which just relies on a set of people wearing HMDs such as Aria glasses [25].

(2) We design a multi-modal framework that combines heterogeneous ego-
and exocentric signals, such as continuous head trajectories and intermittent
image features, to ensure robust motion estimates. The approach works with as
few as two subjects and naturally scales to multi-subject setups.

(3) We evaluate our approach on indoor and outdoor sequences from two in-
the-wild datasets, Nymeria [63] and EgoHumans [413], achieving state-of-the-art
performance in real-world scenarios.

By reducing reliance on centralized multi-camera setups and obtrusive motion-
capture suits, EgoExoMoCap makes full-body motion capture more accessible
outside controlled studios, enabling scalable collection of real-world whole-body
motion and interaction data for embodied AI, VR/AR, and interactive agents.

2 Related Work

Egocentric human motion estimation. The problem of full-body pose re-
construction from HMDs has received growing attention in the past years [28,38,

,59,63,108]. AvatarPoser [39] introduced a Transformer-based framework for
full-body pose estimation from sparse HMD tracking signals, demonstrating that
plausible articulated body motion can be recovered from only head and wrist ob-
servations. Follow-up work [111] improves robustness via a two-stage framework
leveraging body joint correlations. QuestSim [51,92] and SimXR [61] use physics
simulation to generate plausible motions. MANIKIN [37] combined neural net-
works with analytical inverse kinematics, using biomechanical constraints and
predicted swivel angles [79] to recover full-body poses There have also been a
number of generative approaches based on VAEs [22], normalizing flows [0], VQ-
VAEs [26,33,75], and diffusion [13,23,24]. Most of these approaches assume head
and wrist trajectories are always available as input. However, lightweight wear-
able glasses, when not accompanied by additional sensors like wristbands [63],
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cannot provide reliable wrist trajectories [7,16,38]. EgoPoser [38] proposes a sys-
tem that is robust to intermittent hand tracking signals and can work in large
scenes via global motion decomposition, while predicting also body shape. Simi-
larly, DSPoser [16] and EgoAllo [99] use o -the-shelf hand pose estimators to pre-
dict hand motions, which then guide full-body motion estimation. EgoEgo [52]
uses head motion, while HMD2 [29] relies on head trajectories plus egocentric
camera streams. RPM [12] proposes a temporally causal rolling prediction frame-
work that produces smoother hand trajectories. All these approaches deal with
the limitation of just using egocentric signals: while they can synthesize plausible
motions, they can hardly reconstruct lower body movement in a faithful way.

Exocentric human motion estimation. There is a rich literature on human
pose and shape (HPS) estimation from images [18,27,40,46,47,49,55,56, 65,89,
] In the following, we focus in particular on monocular human motion estima-
tion from unconstrained, monocular videos. Several approaches [17,41,45,62,76]
propose to combine 3D human pose estimates (either 3D joints or body model
parameters [67]) with temporal models to reconstruct smooth motions. Since
camera extrinsics over time are in general unknown, these methods focus on re-
trieving 3D body motion in camera space without returning coherent global
motion in world coordinates. Recent methods try to overcome this limitation,
considering dynamic camera captures and typically following a two-stage ap-
proach: they rst estimate camera parameters via SLAM [30,31,77,78], and then
leverage human motion priors to optimize pose in world coordinates [48,98,102].
Other approaches [54, 70, 73] train temporal models to directly regress global
human motion from image and camera features. Others [91, ] solve for scale
ambiguities via monocular metric depth. Most approaches assume the human
body is fully visible in most frames which often does not hold in real-world
scenarios [44]. Some recent work tries to directly handle body occlusions [106],
also considering HMD exocentric images [108]. LAMP [96] further leverages lo-
calized multi-camera headset input for metric 3D people tracking in world coor-
dinates. We propose to overcome the challenges of exocentric motion estimation
by e ectively leveraging the multi-modal streams o ered nowadays by HMDs.

Human motion capture with body-worn sensors. There is a rich lit-
erature on reconstructing body motions from body-worn inertial sensors [35,

, , , , ]. A well-known challenge in these pipelines is drift,
caused by the absence of absolute positioning data. Approaches in the literature
try to tackle this challenge by combining sensor data with additional multi-
modal streams [14]. RGB cameras are typically used to obtain more robust
results: [66, 84] combine body-worn IMUs with body images captured with a
moving camera; [19,57] leverage IMUs and an egocentric camera, also achieving
3D scene reconstruction. EgoSim [32] simulates multiple body-worn cameras.
Other approaches also leverage depth and plantar pressure sensors [104], LIDAR
and event cameras [95], and Ultra-Wideband Units [10, 58, 94]. An interesting
line of work focuses on motion capture anywhere, by combining multi-modal
streams from consumer devices [88]. EgoFormer [43] tracks humans based on
RGB and grayscale images captured with Aria glasses. IMUPoser [64] lever-
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ages IMUs from smartphones, smartwatches, and earbuds. [50] relies on two
smartwatches and a head-mounted camera. Similar in spirit to this line of work,
our approach proposes a lightweight, easily portable system; in particular, our
framework is distributed and scalable exploiting multiple devices worn by two
or more people.

3 Method

3.1 Problem Formulation

We focus on full-body motion capture in a distributed setup, where two or more
subjects wear an HMD equipped with inertial sensors and exocentric cameras
(e.g., Aria glasses [25]). For simplicity, in the following we describe a two-person
scenario, involving a wearer (target subject whose motion needs to be recon-
structed) and an observer (nearby subject looking at the wearer). Our approach
can be extended to scenarios with more observers.

an RGB image 1 ? 2 RHW 3 from the observer's head-mounted camera,
the observer's head position p® 2 R and orientation ¢ 2 R® (in 6D repre-
sentation [112]),

the wearer's head position p!""*? 2 R3 and orientation "9 2 RS,
optionally, position p "™ and orientation "™ of the wearer's left and

right wrists.

Head trajectories (positions and orientations) can be obtained from visual-inertial
SLAM systems built into HMDs [3, 5, 25]. Wrist trajectories can be obtained,
for example, either from camera-equipped wristbands using SLAM [63] or from
handheld controllers commonly used in VR systems [4]. We consider both the
case in which wrist trajectories are available (3-point) and the one in which
only the head trajectory is known (1-point). We assume camera extrinsics and
intrinsics parameters are known for both the wearer and the observer (HMDs
usually provide factory calibration information).

Outputs. Our model predicts the sequence of full-body poses of the wearer in
global space. We use the SMPL body model [60], parameterized by pose pa-
rameters }"°°¥ 2 RI6 (local joint rotations of J=21 joints, in 6D represen-
tation), together with root joint global orientation ~ {"°® 2 R® and position
py " 2 R3. Note that the model does not predict SMPL shape parameters,
but robustly handles di erent shapes as input either subject-specic [12] or
corresponding to the SMPL mean identity [99]. Global 3D joint positions at each

timestamp t are obtained via forward kinematics.

3.2 Method Overview

Figure 2 provides an overview of our framework. Given the wearer's egocentric
input streams, we employ a temporal network (EgoNet) to coarsely estimate full-
body poses and project them onto the observer's exocentric images to localize
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Fig. 2: Overview of EgoExoMoCap. Given an egocentric and one or more exo-
centric streams from HMDs, we rst roughly estimate 3D body poses from egocentric
streams (EgoNet) to identify regions of interest in exocentric frames. From these, ViT-
Pose [93]-extracted 2D keypoints are unprojected into 3D rays and softly weighted
by DINOv3 [74]-based con dence scores to form Exo Tokens. A Spatial Transformer
fuses Ego and Exo tokens into View-Aggregated (VA) Tokens, followed by a Temporal
Transformer for smoothness to output nal full-body motions.

the wearer and produce region proposals (Section 3.3). Within this region, we
extract 2D body keypoints [93]. To take into account di erent exo views (multiple
observers) and observers' head motion, we lift 2D keypoints to 3D rays and
transform them into the wearer's egocentric coordinate frame (Section 3.4). Since
2D keypoints (and therefore rays) are unreliable in the presence of occlusions,
we leverage DINOv3 features [74] to associate keypoint predictions with learned
con dence scores (Section 3.5). The resulting exo tokens are combined with ego
ones (i.e., egocentric input streams and EgoNet output) and processed with
spatial and temporal transformers to predict the nal body poses (Section 3.6).

3.3 Ego-Guided Wearer Localization

Egocentric signal encoding. At each timestep t, we encode the wearer's head
position p*"®?® and orientation }"*  along with their velocities, into a 18D
vector. When wrist tracking is available, we additionally incorporate wrist po-
sitions p!“"™ and orientations "™ , together with their velocities, extending
the representation to 54D. We apply spatial normalization as in [39] and express
wrist coordinates relative to the head, removing global position dependence; we
also temporally normalize the head position at each frame t > 1 relative to the
rst frame (t=1), factoring out absolute starting location. After normalization,

we include a 6D relative displacement encoding expressing the head displace-
ment on the XY plane at time t with respect to the position at timestep 1

yielding a 60D egocentric feature vector X%° 2 R0,

Coarse pose estimation and region proposal. To extract pose cues from exocen-
tric images, we need to roughly localize the wearer in them. We observe that
common bounding box detectors [86,93] do not work well in scenarios with strong
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Fig. 3: Ray-based representation. (a) We unproject 2D keypoints into 3D rays
which can intersect planes at di erent depths (green, yellow). By using the wearer-
observer distance, we obtain the correct depth and correctly scaled 3D endpoints (yel-
low). (b) Leveraging the observer's camera extrinsics ensures invariance to their head
rotation: proxy endpoints are the same if the observer moves but the wearer is still.

occlusions and viewpoint changes. Therefore we train an ego-only temporal net-
work EgoNet that takes x {%° as input and predicts initial SMPL pose parame-
ters (both local and global). EgoNet linearly projects the egocentric signals to a
512D hidden state with a sinusoidal temporal positional encoding [83], applies a
single MLP-Mixer block [80] consisting of a token-mixing MLP across the time
dimension for temporal dependencies followed by a channel-mixing MLP across
features, and uses two MLP heads to predict global orientation and local body
poses for every frame.

While coarse, these estimates provide a reasonable initialization. From them,
we compute 3D joint positions in global space and project them on the exocentric
image via the observer's camera parameters. The axis-aligned bounding box
computed from the projected joints, expanded by a xed margin, de nes a region
of interest. Subsequent exocentric processing 2D keypoints (Section 3.4) and
DINOv3 features (Section 3.5) operates within this region, ensuring that the
wearer is consistently tracked across frames.

3.4 Exocentric Ray-based 3D Pose Canonicalization

Leveraging the bounding boxes obtained via EgoNet poses, we run ViTPose [93]
to detect K = 13 body 2D keypoints, representing the wearer's 2D pose in the
observer's image. Directly using these 2D coordinates as network input would
inherently entangle the observer's viewpoint and camera parameters, limiting
cross-scenario generalization. Instead, we convert them into a canonicalized, ray-
based representation, as illustrated in Fig. 3.

From 2D detections to 3D rays. Given a detected 2D keypoint x; at time t,
we utilize the observer's camera intrinsics Kyps and extrinsics rotation R ps t0
unproject it into a 3D ray in global coordinates, then normalized into a unit
vector (representing a direction):

4. = RobsKolbth;j
£ kRobsK L Xt,j k

obs

1)
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Previous ray-based methods [103] typically feed unprojected rays directly into
the network without applying camera extrinsics. However, this does not work
well in our scenario: the observer's fast and frequent head movements can cause
severe high-frequency rotational variance, even when the wearer remains still.
By leveraging Rqps to decouple ray and observer's ego—motionat;j provides a
stable, rotation-invariant directional anchor.

Depth scaling. at;j discards the spatial distance between the two subjects, which

is critical for resolving scale ambiguities. We therefore scalé]t;j by the Euclidean
distance between observer and wearer head positions:

iy = dy ko™ p Mk @

We then anchor this scaled vector to the observer's global head position to
compute a proxy 3D endpoint position:

ey = dy +p e ©)

Geometrically, e;; lies precisely along the observer's line of sight, at a depth
proportional to the inter-person distance.

Ego-space canonicalization. Keeping these endpoints in the global frame makes
the representation dependent on the wearer's global position and orientation:
the same body pose performed at di erent locations would result in di erent
representations, a ecting generalization. We ensure a canonical representation
by transforming each endpoint into the wearer's head-local coordinate frame:

Mg = R v%;head (etJi p \t/v;head) (4)

In this canonical frame, the relationship between proxy endpoints and ground-
truth body pose is invariant to the wearer's global trajectory and camera rota-

robust geometric exocentric feature. In summary, this representation o ers in-
variance to wearer-observer distance, observer's camera rotational motion, and
wearer's head trajectory. We validate these design choices in Section 4.3.

3.5 Learned Visibility Gating

The reliability of the exocentric signal varies considerably over time: the wearer
may be partially occluded, leave the observer's eld of view, or be detected with
poor accuracy at certain keypoints. Feeding noisy or absent rays into the fusion
network without modulation would corrupt the prediction. To address this, we
learn a soft per-joint gating mechanism driven by the global semantic context
of the observer's image. Speci cally, from the same cropped region used for
keypoint detection, we extract a DINOv3 CLS token Fc s 2 R7% and map it to

K per-joint con dence scores through ScoreNet, which consists of a two-layer
MLP (768!512!K), followed by a sigmoid function :

w= (MLP(F cis)) 2[0;1]; (5)
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Each canonicalized ray g; from Section 3.4 is then element-wise scaled by its
corresponding con dence:

foj =Wy Iy j=105K (6)

When the wearer is not well observable, the gate automatically suppresses the
exocentric signal, encouraging the network to fall back on egocentric tracking.

We observed that a learned gating function can capture richer semantics
from the holistic image context: for instance, it can recognize when the wearer
is behind furniture even if the 2D detector still produces high-con dence but
erroneous detections (Section 4.3).

3.6 Ego-Exo View Aggregation

Token construction. The egocentric signal and the coarse pose predicted by
EgoNet (Section 3.3) are concatenated to form the Ego Token, which is pro-
jected to a 512-dimensional embedding via a linear layer. The gated exocentric
rays f; from Section 3.5 are likewise projected to the same dimension, yielding
the Exo Token. Each frame thus produces a pair of tokens encoding comple-
mentary information: the Ego Token carries accurate but spatially sparse device
tracking together with a full-body prior, while the Exo Token provides visually
grounded full-body geometry.

Spatial fusion. Per-frame Ego and Exo Tokens are arranged into a short sequence
[er; 0¢] and processed by a Spatial Transformer Encoder. Self-attention allows
the ego token to selectively attend to and absorb relevant information from the
exocentric observation. We retain only the ego token's output ¢ as the frame-
level fused feature, enforcing an egocentric inductive bias: the egocentric signal
serves as the primary representation, and the exocentric observation acts as an
auxiliary enhancement. This ensures that even when the exocentric signal is
entirely suppressed by the con dence gate (Section 3.5), the network can still
produce a reasonable prediction from the egocentric tracking alone. This design
also scales to N observers seamlessly by simply extending the token sequence to

Temporal modeling and decoding. The fused features from all framesefgl; ,
augmented with learnable temporal positional embeddings, are passed through
a Temporal Transformer Encoder that performs bidirectional self-attention over
the full window of T=96 frames, capturing long-range motion dynamics. Each
output frame is independently decoded by two lightweight MLP heads: one pro-

AW;root

ducing the root orientation 2 R®, and the other producing J=21 body
.. . ;bod . . .
joint rotations ;" 2 R!25, both in 6D rotation representation. The root

translation is not predicted by the network; instead, we recover it analytically:
given the known head world position " from the HMD and the predicted
joint rotations ", we compute the head-to-root o set via forward kinematics
and subtract it: p V"% =p V" EK (M), where FKheaq returns the head

joint position relative to the root in the body's local frame [38,39,63].
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3.7 Training

Two-stage training. We train the pipeline in two stages. In the rst stage,
EgoNet (Section 3.3) is trained using only the egocentric signal, without any
exocentric input. In the second stage, we freeze the EgoNet's coarse predic-
tions and train the full ego-exo fusion network end-to-end, including the ray
embedding, DINO con dence gate, Spatial Transformer, and Temporal Trans-
former. The DINOv3 backbone is kept frozen throughout; only the gating MLP

is trained.

Loss function. The training objective combines three complementary L1 losses:

L= orient I-orient + ot Lrot + pos Lpos; (7)

where Lgrient SUpervises the root orientation in 6D rotation space, Lo supervises
the J=21 body joint rotations in 6D space, and L s penalizes the L1 error on
3D joint positions obtained via SMPL forward kinematics from the predicted
rotations. The rotation and position losses are complementary: rotation loss
provides direct supervision in the rotation space, while position loss propagates
gradients through the kinematic chain and penalizes error accumulation at distal
joints. We set grient = 0:02, ot =1:0, and s = 1:0.

4 Experiments
4.1 Experimental Protocol

Datasets. We train and test on the large-scale Nymeria [63] dataset, which
pairs multi-modal egocentric streams from Aria glasses [25] with ground-truth
full-body motions obtained with the Xsens inertial system [2]. We use the SMPL
representation provided by NymeriaPlus [20], which was retargeted from the
original ground-truth motion. Nymeria features 300 hours of diverse indoor and
outdoor activities. It also provides 6DoF wrist trajectories obtained by miniAria
wristbands. We randomly split the dataset into 80% training and 20% test sets,
ensuring no test-train overlap across subjects.

To assess generalization, we additionally perform cross-dataset evaluation
on EgoHumans [43], an outdoor multi-person dataset also captured with Aria
glasses, featuring dynamic interactive activities such as fencing, basketball, and
badminton. Ground-truth motions are obtained using a multi-view camera sys-
tem, limiting the capture area but removing the requirement for subjects to wear
an inertial suit as in Nymeria. Since EgoHumans sequences do not provide wrist
tracking signals, we use the synthesized 6DoF tracking signals from ground-truth
body parameters during evaluation.

Sensor setup. We evaluate our method under two tracking con gurations based
on the wearer's device setup: (i) 3-point tracking, where the wearer uses
glasses plus two wrist-worn devices (or controllers) providing wrist trajectories;
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and (ii) 1-point tracking, where the wearer uses only the glasses, providing
head trajectory alone. In both setups, the observer wears only the glasses.

Metrics. We consider both positional and physical-plausibility evaluation met-
rics [12, 38, 39, 99]: Mean Per-Joint Position Error (MPJPE, cm), alongside
Upper-body (U-PE) and Lower-body (L-PE) position errors; Mean Per-Joint
Velocity Error (MPJVE, cm/s), measuring the di erence between predicted
and ground-truth joint velocities; Motion Jitter (10 2 m/s?), calculated as the
mean magnitude of the third derivative of position (jerk).

Baselines. We benchmark our method against several state-of-the-art pose esti-
mation approaches, considering both egocentric and exocentric ones, using their
open-sourced code. As egocentric baselines, we include regression models, such
as AvatarPoser [39] and EgoPoser [38], alongside Di usion-based frameworks
like EgoAllo [99] and RPM [12]. We retrain and evaluate them under 1-point
and 3-point settings on the same train-test split as ours. We partition the full
sequence into non-overlapping T-frame segments during testing. Note that, for
the experiments, we improved baselines [39] and [38] by predicting a sequence
instead of just the last frame, which provides better results than their online
tracking designs.

As an exocentric baseline, we consider PromptHMR [90]. As its training
code is not available, for a fairer comparison, we adapt the original model
by freezing it and adding to it a Transformer-based output layer, trained on
Nymeria. We feed PromptHMR with ground-truth observer camera parameters
and ground-truth wearer global position and orientation. We report both the
original PromptHMR output and a netuned variant, PromptHMR-Finetuned,
where the original model is frozen and followed by a Transformer-based out-
put layer trained on Nymeria. Furthermore, we implement a custom baseline
that integrates the outputs of PromptHMR and EgoPoser through an additional
Transformer network. Following [12], our evaluation setup accounts for individual
user dimensions, rather than assuming a universal average body shape [24, 39],
using SMPL identity ground-truth parameters.

4.2 Results

Table 1 summarizes the quantitative results on Nymeria. Visual comparisons are
provided in Figure 4. Across all metrics and both tracking setups, our method
outperforms the baselines. The only exception is Jitter, where RPM achieves the
best performance; we hypothesize this is due to its PCAF module [12], which
balances smoothness with a potentially minor adherence to input signals.

In general, egocentric methods can return plausible motions (often exhibit-
ing low jitter) but cannot faithfully reconstruct invisible parts (e.g., kneeling
or sitting poses). PromptHMR, even if fed with ground-truth root position and
rotation, struggles with extreme occlusions (e.g., intervals in which the wearer
is not visible at all) and observer's HMD camera motion. The combination of
PromptHMR and EgoPoser in our ego-exo baseline shows the bene ts of com-
bining both sources of information, reporting low MPJPE for both upper and
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Fig. 4. Qualitative comparison of EQoOExoMoCap versus baselines. The rst four rows
compare diverse activities from Nymeria, while the last two rows are drawn from the
EgoHumans dataset and show two players playing tennis together.

lower body. However, its naive fusion of ego- and exocentric features results in
decreased accuracy and reduced smoothness (higher MPJVE and Jitter). Early
fusion of 2D and 3D features, as performed in our method, helps increase robust-
ness: the estimate does not rely excessively on the exocentric input when this is
noisy and unreliable (see e.g. rst row in Figure 4, where naive fusion does not
recover from the inaccurate PromptHMR estimate).

Tab. 2 reports quantitative results on EgoHumans, con rming the trend ob-
served in Nymeria. We observe how scaling our approach to multiple observers
can bring additional benet. Fig. 5 shows a typical scenario: single observers
may only have partial or far-away views of the wearer, leading to suboptimal
pose estimates; combining their views, accuracy signi cantly improves. We also
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