UniEgoMotion: A Unified Model for Egocentric Motion Reconstruction,
Forecasting, and Generation

Supplementary Material

A. Qualitative Comparison

See Fig. | for a qualitative visualization of egocentric mo-
tion reconstruction, with vertex errors color-coded. Please
refer to the supplementary video to view UniEgoMotion’s
results on egocentric motion reconstruction, forecasting,
and generation, as well as comparisons with baselines.

B. Baselines

Egocentric Motion Reconstruction

We compare the egocentric motion reconstruction capa-
bilities of UniEgoMotion with task-specific prior works:
EgoEgo [13], EgoAllo [22], and AvatarPoser [12]. To en-
sure a fair evaluation, we retrain each method on the EE4D-
Motion dataset using their publicly available code. Follow-
ing EgoEgo’s experimental setup, we exclude hand track-
ing from AvatarPoser and instead provide a constant in-
put for hand trajectories. Both EgoEgo and AvatarPoser
use head trajectories derived from motion annotations rather
than from the Aria device’s SLAM system, resulting in per-
fect head tracking by design. Therefore, we omit their head
tracking metrics from the evaluation. For EgoAllo, we eval-
uate the output of the motion diffusion model directly, with-
out applying the post-processing optimization step.

Although EgoEgo and EgoAllo also adopt diffusion-
based formulation for motion reconstruction, their approach
differ from ours in their choice of motion representation and
model architecture. For instance, EgoEgo assumes a con-
stant body shape and uses a global motion representation,
whereas EgoAllo uses a head-centric representation that ex-
plicitly includes the head-to-pelvis transformation and pre-
serves the kinematic chain. More importantly, none of
these baselines utilize semantic information from egocen-
tric video for motion prediction. We compare these meth-
ods on the reconstruction task and also ablate their design
choices separately within our UniEgoMotion framework in
a consistent manner.

Egocentric Motion Forecasting & Generation

For egocentric motion forecasting and generation, the most
relevant baselines [3, 19] are two-stage models that generate
or forecast human motion from third-person RGB images.
They first predict the root trajectory (typically pelvis) and
then generate the full-body human motion using a global
motion representation. To replicate these baselines faith-
fully, we train a separate UniEgoMotion variant that uses
global motion representation and predicts only the root tra-

jectory. This output is then provided as an additional con-
ditioning input to the standard UniEgoMotion model (also
with global motion representation) for full-body motion
prediction. We also train separate autoregressive LSTM-
based baselines with a comparable model capacity for both
forecasting and generation tasks. Since these models lack a
generative component, their outputs tend to regress toward
the mean of all plausible futures. As a result, they show
lower error in direct comparison metrics such as MPJPE.
However, their ‘averaged’ prediction suffer from reduced
motion diversity and realism, as shown in semantic metrics
and qualitative visualization (see supplementary video).

C. Ablation on Conditioning Inputs

We evaluate UniEgoMotion under two ablation settings:
without trajectory input and without video input. Addi-
tionally, we train two single-modality variants of UniEgo-
Motion. Egocentric reconstruction results in Tab. | shows
that both signals are useful for optimal reconstruction per-
formance, thereby validating our use of video input, unlike
prior baselines. Interestingly, the separately trained single-
modality variants offer no significant advantage over the
original UniEgoMotion model when evaluated under the
same conditions. Without video input, UniEgoMotion still
outperforms baselines on most metrics. However, when the
trajectory input is removed, the model is forced to implicitly
solve visual odometry problem (a significantly harder task),
leading to large errors on absolute metrics (head tracking,
MPJPE, MPJPE-H). Despite this, it maintains accuracy in
local pose metrics (MPJPE-PA, semantic similarity) and re-
alism (FID), showing its ability to infer plausible motion
from video alone.

EgoEgo [13] employed an off-the-shelf monocular vi-
sual SLAM on egocentric video and trained an additional
module to predict scale and the gravity vector to derive
gravity-aligned metric SLAM trajectory. Their results
showed that using predicted metric SLAM trajectory leads
to only a minor degradation in pose metrics compared to
using ground-truth trajectories. In our work, we assume ac-
cess to inertial SLAM trajectories for both our method and
the baselines to decouple motion analysis from trajectory
estimation and focus our evaluation on motion tasks.

Forecasting and generation results follow similar trends,
with both input modalities contributing to optimal perfor-
mance. Notably, the model without video input performs
worse, as it lacks scene context necessary for generating or
forecasting relevant motion.
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Figure 1. Qualitative comparison of Egocentric Reconstruction, with absolute vertex errors color-coded. The input egocentric images are
shown on the left, with the corresponding ego-device trajectory visualized alongside the predictions.

Table 1. Ablation on Conditioning Inputs: We evaluate UniEgoMotion in two ablation settings—without video and without trajectory
input. Additionally, we train two single-modality variants of UniEgoMotion by conditioning only on trajectory or only on video.

Egocentric Motion Reconstruction

Head Rot.  Head Trans. Foot Foot Semantic
Method Err Err. MPIJPE  MPIJPE-PA  MPJPE-H Slide  Contact Sim.(1) FID
UniEgoMotion 0.260 0.058 0.100 0.053 0.180 3.62 0.027 0.918 0.027
w/o video 0.278 0.057 0.115 0.066 0.234 3.64 0.026 0.878 0.030
w/o trajectory 0.539 0.280 0.290 0.059 0.352 2.95 0.024 0.885 0.033
UniEgoMotion (w/o video) 0.293 0.063 0.119 0.067 0.239 3.49 0.025 0.877 0.026
UniEgoMotion (w/o trajectory) 0.535 0.292 0.299 0.060 0.362 270 0.023 0.886 0.035
Egocentric Motion Forecasting Egocentric Motion Generation
J J-PA J-H J J-PA J-H
Method (2-45)  (2-4s)  (2-ds) FS FC SS(1) FID ©25) (0-2s) (0-2s) FS FC SS(1) FID
UniEgoMotion 0.206 0.071 0.308 2.60 0.026 0.849 0.047|0.226 0.070 0.321 2.89 0.025 0.817 0.043
w/o video 0.255 0.090 0.378 2.43 0.028 0.782 0.058 | 0.356 0.100 0.449 2.36 0.027 0.696 0.065
w/o trajectory 0.322 0.070 0.414 2.66 0.025 0.838 0.047|0.226 0.070 0.321 2.89 0.025 0.816 0.043
UniEgoMotion (w/o video) 0.276 0.095 0.400 2.69 0.028 0.767 0.067 | 0.379 0.108 0.483 3.03 0.027 0.684 0.044
UniEgoMotion (w/o trajectory) 0.318 0.070 0.404 2.50 0.024 0.842 0.050 | 0.228 0.070 0.321 2.71 0.024 0.820 0.044

D. Why Not Text Conditioning

Many motion generation approaches [5, 17, 20] rely on text-
based conditioning, where a clear textual prompt defines the
intended motion or action. This explicit guidance simpli-
fies the generation process. In contrast, our work focuses
on passive conditioning using sensor data (e.g., video and
device trajectory), where motion must be inferred without
direct user input. While this introduces greater ambiguity,
it also enables broader applicability in real-world scenarios
such as continuous gait monitoring or fall prediction, where
explicit user inputs are typically unavailable. Nonetheless,
we believe that egocentric motion generation and forecast-

ing from text prompts are promising future directions for
many assistive applications. Our work, along with datasets
like EE4D-Motion (with action narrations from EgoExo4D)
and Nymeria [6], offers a promising starting point for such
research.

E. Training Details

We train UniEgoMotion for 350 epochs using a batch size of
64 and the AdamW optimizer with a weight decay of 0.01.
The learning rate is initialized at 3e-5 and decayed to 3e-6
after epoch 300. The model follows a standard transformer
architecture [ 18], comprising 12 decoder layers with a latent



dimension of 768. Training is conducted on §-second mo-
tion sequences (80 steps at 10 fps), enabling long-horizon
motion prediction. To improve training efficiency, DINOv2
features are precomputed and cached. End-to-end training
takes approximately 2 days on a single NVIDIA L40S GPU.
For diffusion, we use cosine noise scheduling with 1000
steps, consistent with prior works [13, 17], though effective
motion synthesis has been demonstrated with very few dif-
fusion steps [1 1, 17]. During training, we alternate between
reconstruction and generation tasks with equal 0.5 probabil-
ity by randomly masking the input sequence.

F. Motion Representation

Although SMPL-X parameters X; = (R!,t!,0;,05;) are
sufficient to represent 3D body motion, they are not always
ideal for learning [10, 22]. The global parameterization of
the root trajectory (R, t7), defined at the pelvis, does not
exploit motion invariances, forcing the model to learn all
movements in every direction separately. Moreover, a mis-
match exists between the conditioning information (7}, I;),
defined in the egocentric frame, and the SMPL-X parame-
ters X, defined in the pelvis-centric frame. This misalign-
ment complicates the reasoning between pelvis-centric mo-
tion and egocentric conditioning inputs. Additionally, using
local joint angles forces the model to reason complex for-
ward kinematics of the SMPL-X skeleton, often resulting
in suboptimal motion with noticeable artifacts such as foot-
floor penetration and foot sliding.

To address these issues, we adopt a head-centric motion
representation instead of a pelvis-centric one. We trans-
form the SMPL-X parameters X; = (R},t!,6;,0;) into
(M}, M?) using forward kinematics where M e R**4
is the global SE(3) transform of the head joint, and M Z €
R21x4%4 are the global SE(3) transforms of other joints.
This eliminates the dependency of each joint on its parent in
the kinematic chain. Next, we derive a canonical reference
frame .M, for each frame by projecting the head transform
M} onto the floor. In particular, .M; represents the global
3D transform of the head joint after removing the pitch and
roll angle (keeping only yaw) and removing its height ¢,
relative to the floor (+Z direction). We then express the mo-
tion (MJ', M?) as (.M;, .M; ® M}, .M; © M?), where
«M;; captures the head’s global trajectory projected onto the
floor, and (.M; ® Ml-h, M; ® M) encode local canonical-
ized pose information. To achieve trajectory invariance, we
represent .M; as its residual relative to the previous frame
CMf_ll ® M;. Following standard practice, we incorpo-
rate additional redundant information, such as joint loca-
tions and foot contact labels, into our motion representation.

While our motion representation is similar to the canon-
icalization in [22], it differs in that [22] retains the kine-
matic chain and defines local joint rotations relative to par-
ent joints. Since all body joint information in our approach

is defined relative to the floor, it naturally facilitates bet-
ter reasoning about foot-floor contact. We validate the ef-
fectiveness of our motion representation through ablation
studies and demonstrate that while [22] exhibits significant
foot-floor penetration or floating artifacts, UniEgoMotion
produces high-quality motion.

G. EE4D-Motion Dataset

Training UniEgoMotion requires paired egocentric videos
and 3D human motion data within real-world environments.
However, capturing 3D human motion in everyday activ-
ity settings—such as kitchens, offices, and sports fields—is
challenging due to the cumbersome setup of motion cap-
ture systems. Existing large-scale 3D motion datasets [15,
16] lack paired egocentric videos, while most egocentric
datasets either lack 3D motion annotations [8, 9], are small-
scale [23], or have limited scene-motion correlation and di-
versity [13, 24]. The Nymeria dataset [6] stands out with
200+ hours of daily activity egocentric videos paired with
motion capture of simple skeleton sequences, but it does not
provide the standard SMPL motion representation.

To bridge this gap, we process the large-scale EgoExo4D
dataset [9] to generate pseudo-ground-truth 3D motion data.
We refer to this processed dataset as EE4D-Motion, which
consists of 110+ hours of time-synchronized 3D motion
data and egocentric videos, alongside other EgoExo4D an-
notations. This dataset serves as an extensive benchmark
for multimodal motion research.

EgoExo04D Source Data

EgoEx04D provides synchronized egocentric and exocen-
tric video recordings of diverse activities, including cook-
ing, dance, sports, music, healthcare, and bike repair. Ego-
centric videos were captured using Project Aria glasses [4]
along with the 3D trajectory of the ego camera. While
EgoEx04D includes 3D body joint annotations for a sub-
set of the dataset, these annotations are sparse, noisy, dis-
continuous, and lack joint angle information, making them
unsuitable for motion tasks. Thus, we develop a processing
pipeline to fit the SMPL-X body model to the continuous
frames of EgoExo4D captures.

Fitting Pipeline

Our pipeline leverages off-the-shelf models for pose esti-
mation and follows a two-stage fitting approach [1, 15] to
obtain 3D-accurate motion groundtruth. We exclude rock
climbing sequences to focus on motions occurring on a flat
surface. Our pipeline consists of the following steps.
Detection & Tracking: We detect [14] and track the ego-
centric camera wearer in each exo view. When multiple
people are present, we use the Aria 3D trajectory to identify
the person of interest.



Pose Estimation: For each bounding box, we estimate 2D
keypoints [21] and obtain an initial SMPL-X parameter es-
timate using an off-the-shelf HMR model [2]. However,
single-view HMR estimates suffer from depth ambiguity
and jitter in 3D translation.

Per-Frame Fitting: We initialize SMPL-X fitting by aver-
aging HMR estimates across exo views. The fitting opti-
mizes SMPL-X parameters (R",t", 6, 3) using the follow-
ing energy term [1]:

ACﬁtting = )\GEG(G) + )‘ﬁEﬂ(ﬂ)
+Xa Y o (mo(J(R', 1,0, 8)) — K2%)

where Fy and Ej are priors for pose and shape, respec-
tively, J is the SMPL-X 3D joint regressor, 7, is the 2D
projection operator using known camera intrinsics and ex-
trinsics of view v, Kgd represents detected 2D joints, o is
the robust Geman-McClure function [1, 7], and \, are en-
ergy weights.
Sequence-Level Optimization: After per-frame fitting, we
refine results at the sequence level by fixing the body shape
[ as the average across the sequence, incorporating egocen-
tric view detections, and adding a temporal jitter penalty to
enforce smooth motion.
Filtering & Quality Control: We filter out segments with
excessive jitter caused by erroneous device trajectories, sub-
optimal off-the-shelf model predictions, or severe occlu-
sions across all exo views.

Through this pipeline, EE4D-Motion provides 3D-
accurate motion annotations aligned with egocentric video,
enabling us to train and evaluate UniEgoMotion model.

Motion Annotations Quality

EE4D-Motion annotations can be noisy in scenes with poor
exocentric visibility (e.g., kitchen, COVID testing) or large
camera distances (e.g., basketball). EgoExo4D’s own pose
annotations are sparse and jittery, resulting in high pose
error of ~0.24m for EgoEgo, as reported by the authors
of EgoExo4D [9], compared to ~0.16m on our smoother
and denser annotations. Unlike EgoEgo’s synthetic dataset,
where motions are scene-agnostic, EE4D-Motion provides
contextually grounded motion aligned with real-world en-
vironments, which is essential for both generation and fore-
casting tasks.
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