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Generated full-body motion

Figure 1. We propose HMD?, the first system for the online generation of full-body motion using a single head-mounted
device (e.g. Project Aria Glasses) equipped with an outward-facing camera in complex and diverse environments.

Abstract

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

1. Introduction

Wearable devices such as smart glasses promise to become
the cornerstone of next-generation personal computing. A
key challenge is accurately interpreting the wearer’s motion
from the device’s limited input signals, taking into account
the social and environmental context at the moment. The
capability to generate full-body movements solely from a
single head-mounted device (HMD) in real-time, outdoors
and indoors, will open the door to many downstream appli-
cations, including telepresence, fitness and health monitor-
ing, and navigation.
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State-of-the-art methods, such as EgoEgo [36], have
shown visually impressive results in a similar context. How-
ever, these systems operate offline, are optimized for gener-
ating short windows of motion, and are mostly trained on a
small set of indoor motions. More crucially, they utilize the
head-mounted camera only for head pose estimation, miss-
ing the opportunity to harness additional image features of
the environment and of the wearer’s own body.

In this paper, we introduce HMD? (Human Motion Dif-
fusion from HMD), the first system, to our knowledge, ca-
pable of online generation of full-body movements from
a single HMD (Project Aria Glasses [13]), conditioned on
outward-facing egocentric camera streams in diverse envi-
ronments. Given that such devices provide limited obser-
vation of the body and surroundings, the critical question
is how to maximally utilize the input. Our approach reuses
input data to generate features across different modalities,
covering independent aspects of the environment and mo-
tion. Specifically, from the input streams, we mix and match
analytical and learning toolboxes to extract 1. wearer’s head
motion from off-the-shelf real-time visual SLAM; 2. envi-
ronment feature points as a by-product of SLAM, important
for motion disambiguation in complex scenes; and 3. head
camera image embeddings (e.g. using CLIP [47]) for addi-
tional scene clues and intermittently visible body parts.

However, full recovery of the wearer’s motion is still
highly under-constrained, given our input. Our system
adopts a generative approach with a diffusion-based Trans-
former backbone to balance motion reconstruction and gen-
eration, enabling diverse outcomes, such as varying leg
movements, from the same inputs. Additionally, our diffu-
sion model can predict motions with minimal future infor-
mation (0.17 s), supporting online and real-time use cases.

Contrary to evaluations using large synthetic datasets or
small-scale real-world datasets, we train and test our system
on the extensive 200-hour real-world Nymeria dataset [41]
recorded with publicly available head-mounted device, con-
taining various indoor and outdoor activities performed by
over 100 subjects with diverse body sizes and demograph-
ics. While most existing research on motion tracking is
evaluated solely based on reconstruction accuracy, we ac-
knowledge the inherent ambiguity in our problem and eval-
uate our system on generation fidelity and diversity as well.
Our contributions are summarized as follows:

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

2. We employ a multi-modal conditional motion diffusion
backbone, effectively balancing between accurate mo-
tion reconstruction and the diversity and fidelity of syn-
thesized movements.

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

4. We evaluate the proposed system with large-scale, real-
world Nymeria [41] dataset and achieve state-of-the-art
performance for single-HMD motion generation.

2. Related Work

Human Motion from Sparse Sensors. Capturing mo-
tion with wearable sensors has gained interest across fields
like Computer Vision, Graphics, and Health. Self-contained
sensors like IMUs [57], electromagnetic sensors [33], and
EMGs [9] offer motion reconstruction without the need for
costly studios with multiple cameras. The sparse sensor
placement reduces user friction, but high noise levels re-
quire learning methods to improve reconstruction. Exam-
ples include six IMUs configurations [27, 31, 57, 67, 68],
head and wrists VR trackers [7, 12, 29, 30, 64, 80], and hy-
brid approaches with an external RGB camera [65].

Our approach uses a single wearable device to minimize
user friction, though this complicates the recovering of mo-
tion. However, for many applications like telepresence, vi-
sually appealing, realistic, and diverse inferred motions are
often more important than precision. Thus, we evaluate our
system not just on reconstruction accuracy but also on real-
ism and diversity — metrics often overlooked in this field.

Pose and Motion from Egocentric Cameras. Wearable
egocentric cameras are ideal for self-contained motion gen-
eration systems, which saw increasing research interest.
Two main types of body-mounted cameras — downward-
facing (often fish-eye) and outward-facing — have been the
focus of research. Most studies on downward cameras
[8, 32, 38, 44, 48, 52, 59, 63, 75, 77], directly predict cur-
rent pose from corresponding images, sacrificing temporal
coherence. Wang et al. [58] addressed this by adopting a
diffusion model for temporal regularization in a separate re-
finement stage, which inspired us to adopt a diffusion back-
bone and a single-stage time-window-based learning archi-
tecture. Both synthesized [4] and, recently, real-device [3]
datasets are used to train and evaluate such methods.
Outward-facing cameras are more common on current
devices (e.g. Project Aria [13]), though egocentric motion
generation is less explored in this setup. A key challenge
identified in early work with chest-mounted cameras [28]
is intermittent body visibility, which makes the task under-
constrained. Later works [39, 70, 71] explored simulation
methods that leveraged physics to address missing motion
information. EgoEgo [36] demonstrated the generalizabil-
ity of single camera systems to large-scale datasets. We
build upon EgoEgo, while utilizing additional visual cues
beyond head pose inference and enhancing support for non-



flat terrains and low-latency long sequence generation.
There has also been research effort on combining wear-
able sensors such as IMUs with head-mounted egocentric
cameras for accurate motion reconstruction [17, 35, 66].
Our system can be easily adapted to such multi-device se-
tups as well, which could further improve its accuracy.

Learning-based Pose and Motion Generation. Generat-
ing controllable and realistic human movements is a long-
standing goal in computer graphics and vision. Modern
deep learning opens new possibilities for this problem, with
earlier attempts exploring both regression-based [23, 24]
and generative [20, 37] frameworks. Recently diffusion
models demonstrated impressive capabilities in the genera-
tive setting across various tasks such as text [49, 81], music
[53], and audio [5] conditioned motion generation. While
the field starts to see conditional diffusion methods where
the control signal is temporally dense [7, 12], frameworks
that generate motions in an online fashion with minimal la-
tency [55] are still underexplored. Our work adopts autore-
gressive inpainting for low-latency inference — this concept
of autoregressive diffusion models has been explored in the
motion domain albeit in different contexts [18, 50, 69, 76].
The success of diffusion models in motion synthesis has
also intrigued researchers to use them for pose reconstruc-
tion, e.g. from third-person view, especially when ambigu-
ity exists [10, 11, 14, 15, 25, 73, 74]. Our task is highly am-
biguous as well, and our system adopts Transformer-based
diffusion models to generate temporally coherent motions.

Scene-aware Pose and Motion Modeling. Motion gen-
eration and reconstruction satisfying scene and environ-
ment constraints is critical for learning-based motion mod-
els to become practical. Recent work has looked into var-
ious methods and representations to incorporate scene in-
formation, such as shape primitives [34, 40], point-cloud-
based networks [26, 61, 62, 78], voxel-based networks
[19, 51, 60], scene images [6], signed distance fields [79],
to name a few. With most methods targeting offline applica-
tions and many requiring end-of-motion goal specifications,
our scene representation with a per-frame bounding box and
autoencoder facilitate online usage and large-scene deploy-
ment. The scene points in our method are captured from the
same head-mounted device during SLAM without needing
additional scanning devices. As a trade-off, the available
scene points are sparser and noisier.

3. Method

We introduce a diffusion-based framework for generating
full-body motion based on multi-modal signals from an
HMD, like the Project Aria Glasses [13]. As shown in
Fig. 2, our system uses device with an outward-facing cam-
era, capable of real-time SLAM [ 1] (which may utilize other
sensors) which produces a 6D pose trajectory, and a spatial

map of the environment represented by an aggregated point
cloud. We extract contextual information from both the en-
vironment point clouds and the egocentric video stream, us-
ing a CLIP encoder [47] for image embedding and an inde-
pendently trained point cloud autoencoder for spatial map
embedding to supplement the 6D pose.

Given the under-constrained nature of the task, we em-
ploy a diffusion model [21] with a time-series Transformer
encoder [56] to model the motion distribution. To ensure
temporal consistency during streaming, we use autoregres-
sive inpainting during denoising, aligning new body motion
with previous predictions.

3.1. Multi-modal Scene and Motion Conditions

Our model is trained to align its output with three modali-
ties of features, all of which are streaming frame by frame
to allow infinitely long motion generation. For each frame,
the inputs include a head pose (¢, R) € SE(3) representing
the head’s position and orientation, a color image I from
the camera, and a set of SLAM feature points S € RN X3 of
the surrounding scene. We concatenate features per-frame
and process the resulting vector with a linear layer (see sup-
plementary). We elaborate on each modality and their re-
spective design considerations below.

Head Pose Trajectory. The device pose provides precise
spatial location and movement of the wearer’s head. We
augment the device pose vector with its linear and angular
velocity vector (v,w) computed from finite differences to
form p = {t, R,v,w}. We canonicalize each window of
{P}o,1,.. r toits first frame py, allowing the model to func-
tion in arbitrarily large spaces and generate infinitely long
sequences. This is crucial for navigation in a multistory
building or outdoor hiking with large elevation changes.

Camera Image Embeddings. Beyond the head pose tra-
jectory derived from SLAM, the egocentric camera images
offer additional valuable information. For example, when
a body part becomes visible, the image provides a strong
cue of the wearer’s pose. However, direct utilization of the
image content proves less useful, as it may capture distract-
ing texture details when all we need is high-level semantics
such as ”the left hand is above the waist.” Empirically, we
found that CLIP embeddings [47], Ey(I), provide signifi-
cant performance boost to the learning process while avoid-
ing overfitting to superficial image characteristics.

It is crucial to note that embeddings from human-related
backbones, such as those trained for pose reconstruction
from monocular videos, do not perform well in our case.
Figure 3 shows a typical input camera sequence when only
a few parts of the body (hands in this case) are visible. This
differs significantly from downward-facing egocentric cam-
eras, which observe most of the body. This discrepancy
leads to failures in existing network backbones for full-body
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Figure 2. Overview: HMD? generates realistic full-body motion that aligns with the signals from a single head-mounted device. Using
the image streams from the egocentric camera and head trajectory with the feature cloud from the onboard SLAM system, we employ a

diffusion-based framework to generate the wearer’s full-body motion.
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Figure 3. A typical input sequence from egocentric camera with
only few body parts of the wearer intermittently visible, rendering
standard full-body reconstruction network backbones ineffective.

motion, and it may be tempting to assume that such input
might not be useful for full-body motion reconstruction.
However, high-level descriptions of the images that con-
tain scene information, such as “hand reaching to the sink
(which is typically at a standard height)” or “a person kick-
ing a football (implicitly indicating that the wearer might
also soon interact with the ball)”, are actually quite useful
for spatial reasoning of the wearer’s end effectors. We hy-
pothesize that this observation explains why CLIP embed-
dings are advantageous in our unique problem setting.

SLAM Point Cloud Embeddings. Visual SLAM algo-
rithms identify static feature points in the environment (e.g.
corners and edges of furniture) and aggregate them over
time to build 3D maps. These points offer crucial envi-
ronment features to constrain motion generation, akin to
pre-scanned scenes utilized in prior work [17, 35]. At each
frame, we only consider the SLAM feature points .S within
a2m x 2m x 2m volume. The center of the volume is the
current device position offset downwards by one meter, sim-
ilar to prior works [51]. This ensures the model focuses only

on relevant spatial information as the wearer moves around.
To better handle the noisy and often incomplete SLAM
point clouds, we pre-train an autoencoder on the voxelized
SLAM point clouds V' (S) within the bounding volume on
all frames in our training dataset and use its encoder Eg(-)
to generate point cloud embeddings Es(V (S)). While a
new map may not offer much information right away, rich
point cloud features could quickly build up if the wearer
stays in the same environment for a prolonged period (e.g.
15 min) or if they have access to a prebuilt map.

3.2. Conditional Motion Diffusion Model

Given all input signals from the device, ¢ =
{p,Ei(I),Es(V(S))}o1,.. 7, diffusion models such
as DDPM [21] can model the distribution of all motions
conditioned on ¢ by progressively introducing distortions
(Gaussian diffusion noises) into the motion sequence
and learning a neural network model D to reverse these
distortions. The sequence of forward distortions can be
described by the following equation:

q(zt|zo, ) = N(Vagxo, (1 — ar)l) = Jarxo + V1 — aze,

(Y]
where the motion = € RT*F is represented as a time se-
ries with window length 7" and motion feature dimension
denoted as F'. Here, € ~ N(0,1) denotes the unit Gaussian
noise, and ¢t € {0, 1, -- , S} signifies the level of distortion,
with ¢ = 0 indicating no distortion and ¢t = S representing
maximum distortion such that ag = 0 and g ~ N(0,T).
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Figure 4. Autoregressive inpainting is performed at each reverse
diffusion step to allow long sequence generations both in high- and
low-latency settings.

The parameter «; is a monotonically decreasing scalar that
governs the noise schedule. The reverse diffusion process is
derived using Bayes’ rule and can be expressed as:

q(wt—1|wt, Zo, C) = N(\/atflmo + Ct%7 U?H)7 (2)
co=\T—a1—0}, of=(1-20)T2=0 (3)

With xy in Eq. 2 estimated by the neural net mod-
ule g = D(axy,c,t), we can iteratively generate a se-
quence of samples (zg,€s_1,-..,®1,To), initiating from
x5 ~ N(0,T) and progressing towards the desired motion
distribution ¢(x|c) over S reverse diffusion steps. During
model training, we randomly sample ¢ from a uniform dis-
tribution U (0, S) for every training data. At inference time,
we apply S = 20 evenly spaced strided reverse diffusion
steps [43]. Note that no Gaussian noise is applied to the

condition vector c. Training loss is defined as:

L =Egxinv(0,9)D(t, ¢, t) — z||?, “4)

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

Online Inference of Long Sequences. Our motion diffu-
sion model generates up to 4 seconds of motion (7" = 240
frames). To extend this for longer, coherent motions, pre-
vious research [7, 49, 72] suggests generating overlapping
windows and enforcing consistency at overlaps during de-
noising. However, for online generation, we need to remove
the dependency on future windows by using an autoregres-
sive approach [22], where each window depends only on the
previous one. Specifically, when two windows overlap by
T — h frames (i.e., the current window advances by a stride
of h), we enforce consistency during each of the S denois-
ing steps. After each model evaluation £y = D(x¢, ¢, T;),
the prediction & is overwritten by the overlapping predic-
tion from the preceding window:

To==ToOMm+ &0 ® (1 —m), &)

where m € RT*F is a constant mask that is zero for
the initial 77 — h frames and one for the last h frames.
Zs0 = cat(zg [h:T],0"*") denotes the prediction from the
previous window, shifted by A frames. ® denotes element-
wise multiplication. Following this inpainting operation, we
move to denoising step with the updated & using Eq. 2. We
report the main results of our system with stride h = 180.
However, eliminating the need for future windows is in-
sufficient for online inference with minimal latency since a
new window of motion is generated only every h frames,
resulting in a latency of (h — 1) x dt, where 1/6t is the
frame rate. We additionally report our results with i = 10,
indicating a latency of just 0.17 seconds, close to online re-
quirements. Nonetheless, a smaller h compromises motion
quality, as it limits the use of future information. In general,
h can be a tunable parameter to trade off quality and latency.

4. Experiments

We conducted a set of experiments to support these claims:

* Our multi-modal conditioning improves motion quality.

* Our system achieved high reconstruction accuracy, mo-
tion diversity, and physical realism.

* Our online (low-latency) variant minimally degrades mo-
tion quality compared to high-latency inference.

* Our system achieved improved results over state-of-the-
art baselines on a large-scale dataset.

Datasets and Experiment setup. To address the limitation
of evaluating on synthetic or smaller real-world datasets,
we train and evaluate our system on a large-scale, first-
of-its-kind real-device dataset Nymeria [41]. This dataset
contains paired multi-modal HMD input signals (captured
by Project Aria Glasses [13]) and ground-truth full-body
motions (with Xsens inertial motion capture system [45]).
The dataset covers a diverse range of daily activities and is
around 300 hours in size. After initial filtering, we split the
data into train, validation, and test split with 202, 3, and 56
hours of data correspondingly. We make sure all subjects
and environment scenes in the test split are unseen during
training, and distributions of subjects’ body sizes and ac-
tivity scripts are roughly unbiased across the test split. We
trained our models with a context window of 240 frames (4
sec) for 20 epochs or 3.5 days with 4 GPUs. The inference
is done on a single Nvidia A100 GPU and achieves better
than real-time throughput of > 70 FPS with an online 0.17s-
latency (h = 10) model and > 1350 FPS with high-latency
(3s, h = 180) model.

Baselines. We benchmark our low- and high-latency sys-
tems against EgoEgo [36] and AvatarPoser [30], retraining
both models on our dataset. For EgoEgo, we bypass its first
stage, using Aria Glasses’ SLAM for accurate head motion
tracking, and test with its long-sequence inference code.
For AvatarPoser, we only provide head motion, masking out
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Figure 5. Qualitative comparison between HMD? (Ours) and baseline methods.

MPIJPE | Hand PE | FID | Diversity — Physicality — Floor Pen. |
Ground-truth 0 0 0 16.13 0.56 0
EgoEgo 16.61F149 | 34.64F16% | 35697054 | 20.15%0-21 3.68+0-74 2.43F1-54
AvatarPoser (Head) 10.64 21.51 27.61 12.99 1.69 4.21
Ours (h = 180) 8.36100% | 16.64%021 | 2161002 | 1574%02° 1.03%0:01 1.03%0:06
Ours (h — 10) 9_19:&0.05 17.67:&006 5.00i0,02 15.23:&0.02 1.30i0.10 1419:&0.04

Table 1. Quantitative results comparing our system with EgoEgo and AvatarPoser.

wrist device input during training and testing. Unlike the
Nymeria paper’s short-segment evaluations [41], we test all
methods with full motion sequences (each around 15min) in
an online, autoregressive setting, reflecting real-world use.

Metrics. An ideal solution must balance reconstruction ac-
curacy, motion diversity, and physical realism. For instance,
when arms are visible to the HMD camera, generated mo-
tions should reflect that. When multiple motions are equally
valid, e.g. sitting, squatting, or kneeling, predictions should
cover all possibilities. Finally, any output motion should be
visually realistic and within the distribution of physically
plausible human movements. We choose metrics that eval-
uate a system’s capability to balance these three goals.

¢ Reconstruction: we report joint position errors (Mean
Per Joint Position Errors, MPJPE, in cm) for all methods.
As we use the head frame from Aria as the body reference
frame for all methods, we assume zero error on head po-
sitions or orientations. Instead, we report position errors
of the wrist joints (Hand PE, in cm).

* Diversity: Following prior work [16, 46], we report
the diversity metric as the mean distance between two
same-size randomly sampled subsets from predicted and
ground-truth motions in the same latent space as used for

FID computation [16].

* Realism: we report FID scores measuring the distances
in distributions between predicted and ground-truth mo-
tions. This is done through training an auto-encoder to
construct a motion latent space, following the protocol in
Guo et al. 2020 [16]. We also report the physicality of
motions, following the metric proposed in EDGE [54],
which correlates with foot sliding. Lastly, we report the
mean floor penetration depth (in cm). Since the floor level
varies across time and is non-trivial to estimate for out-
door and complex indoor environments (e.g. the “floor”
height for lying in bed should sensibly be the bed height),
we adopt a conservative proxy using the lowest joint po-
sition of the ground-truth motion across the neighboring
20 seconds.

4.1. Main Results

We evaluated high- (h = 180) and low-latency (h = 10)
variants of our system on the 56-hour (224 sequences) test
split, averaging 15 minutes per sequence. These test se-
quences are not cut into short segments to fit the temporal
horizon T" of the model — all models are tasked to generate
the entire sequence coherently, which is closer to practical
application setup. Unlike EgoEgo, where statistics are re-



ported using the best among 200 repetitions, we report the
mean and standard deviation of all repetitions. As our test
set is very large (e.g. the AMASS [42] testing subset used
in AvatarPoser contains just two hours of motion), we only
run eight repetitions for each of the 224 sequences.

Quantitative Results. The main quantitative results are
summarized in Table 1, with a finer-grained analysis pro-
vided in the supplementary. Our system achieved superior
performance across all three metric axes of reconstruction,
diversity, and realism. As expected, the online variant of our
system degrades performance slightly, given inaccessibility
of future sensor information, but still outperforms baselines.

Our adapted version of AvatarPoser (referred to as
AvatarPoser (Head) in Table 1) performs well, but its frame-
by-frame prediction lacks temporal coherence, reducing re-
alism. As a regression model, it captures only the aver-
age trend in training data, leading to lower diversity scores.
Unlike our multi-modal approach, it lacks environmental
awareness, impacting performance (Fig. 5). EgoEgo gener-
ates plausible motions but has two key issues. First, it pro-
duces discontinuities during long motion inference, which
affect realism metrics. Second, EgoEgo tends to produce
overly dynamic arm movements, similar to how some im-
age diffusion models create stylized rather than naturalistic
outputs. This leads to higher Hand Position Errors and con-
tributes to increased MPJPE and Diversity scores compared
to ground truth. While all the metrics in Table 1 are mea-
sured as mean across all runs, we additionally report MPJPE
of the best-case run: 8.246, 14.678, for HMD? and EgoEgo
(AvatarPoser stays the same). Compared to Table 1, errors
for EgoEgo are noticeably lower but are still behind Ours.

In summary, our system uniquely balances the accuracy
of motion reconstruction and fidelity and diversity of mo-
tion generation, surpassing baseline methods. The online
variant of our system achieves 0.17-second latency with
only a slight degradation in terms of performance, though
the gap leaves room for future research and improvement.

Qualitative Examples. Fig. 5 visually compares all meth-
ods on two motion subsequences from the test set. Se-
quence 1 shows a complex transition from kneeling to sit-
ting. Regression models like AvatarPoser struggle in under-
constrained scenarios, either abruptly switching between
poses or averaging them into unnatural ones (e.g., a float-
ing avatar in the last frame). EgoEgo, as a generative
model, produces plausible motions but lacks the context to
match the ground truth given only head motion. Sequence
2 demonstrates another important advantage of our model —
making use of the semantic features from color images. In
this ground truth motion, the hands are raised and visible in
the camera alternately. We successfully reproduce similar
arm movements by conditioning on the CLIP embeddings
while both baselines have the arms down.

Ground Truth

Arms ambiguity
os)
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Figure 6. Our system can predict diverse outcomes from identical
input (head pose marked as a sphere with coordinate system).

The generative nature of our model also allows us to pro-
duce diverse motions in case of ambiguities. Fig. 6 shows
several examples: in the left column, our model generates
various plausible states when hands are not visible, such as
different poses for the non-visible left hand (seq. A). The
right column shows cases with equally possible leg posi-
tions, like kneeling vs. squatting (seq. C).

4.2. Additional Analysis

Ablations. We ablated our system by removing the point
cloud encoder branch (w/o PC) and/or the raw egocentric
video branch (w/o CLIP). The results are summarized in Ta-
ble 2, demonstrating the importance of multi-modal scene
and motion conditions in our system.

Even without point cloud and CLIP embeddings, our
system generates temporally coherent and realistic full-
body motions, capturing diverse motion distributions. How-
ever, ambiguity arises with head movement alone, such as
distinguishing between standing and sitting. Without en-
vironmental context, the system might randomly generate
or switch between these actions, affecting realism metrics
(FID & Floor Penetration Depth). Table 2 shows that point
cloud embeddings help align motions with ground truth
and reduce environment interpenetration, improving real-
ism. The image encoder also enhances reconstruction ac-
curacy by using semantic clues, particularly when hands
are visible. This reduces MPJPE by encouraging specific
poses, however it also mildly affects the realism of motion,
hence Physicality metric slightly degrades. Fig. 7 illustrates
that PC embeddings enable correct sitting motion detection,
while image embeddings improve hand motion accuracy.
Together, they produce more accurate and realistic results.



MPIJPE | Hand PE | FID | Diversity — Physicality — Floor Pen. |
Ground-truth 0 0 0 16.13 0.56 0
Ours, w/o PC, w/o CLIP | 9.28%0:23 | 19.47%0:36 | g 75+0.08 | 14 44+0.30 0.90%0-01 3.29%0-31
Ours, w/ PC, w/o CLIP 8.97+010 | 90 384028 | 3 g+0.03 | 15 99+0.42 0.86+0:00 0.99+0-07
Ours, w/o PC, w/ CLIP 8.57E011 | 16.32+0:22 | g 17%0.02 | 14 79+0.22 1.01%0-01 2.15+0:15
Ours, w/ PC, w/ CLIP 8.36T0:08 | 16641021 | 2.16+002 | 15 74%029 1.03%0:01 1.03+0:06

Table 2. Ablation study. HMD? leverages both point cloud (PC) and egocentric video information (CLIP) to reduce per-joint error while

keeping the realism and physical plausibility of the motions.
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Figure 7. Example motion when ablating the point cloud (PC) or
video (CLIP) branches.

Error Distribution. As we evaluate on a large scale dataset
of realistic daily activities, the metric statistics could be
skewed and dominated by mundane actions such as sitting
or standing still, or walking from A to B. The more inter-
esting and challenging scenarios that highlight core issues
may fall into a long-tail distribution and be obscured by the
mean error. To this end, we also report the top 5% errors in
Table 3, which is more representative of improvements we
expect from our approach.

MPIJPE | Hand PE | Floor Pen. |
Ground-truth 0 0 0
Ours, w/o PC, w/o CLIP | 18.31%089 | 40.15+%1:17 | 12.91+1:75
Ours, w PC, w/o CLIP 16.65=044 | 41.68%F1:05 | 3 g7+0:32
Ours, w/o PC, w/ CLIP 16.30%0-55 | 34.25+0:90 | g 0g+0.78
Ours, w/ PC, w/ CLIP 15.491038 | 34.86%092 | 4.90+028

Table 3. Ablation study on the top 5% per-frame errors (95%
performance), showing significant reduction of peak errors by our

multi-modal conditioning.

5. Conclusions and Discussions

We introduced HMD?, a diffusion-based framework for on-
line motion generation from a single head-mounted de-
vice. By combining camera-based image embeddings
with SLAM-derived head trajectories and semi-dense point
clouds, HMD? produces diverse, natural motions aligned
with the environment. Our evaluation across various set-
tings and activities shows that HMD? outperforms state-of-
the-art methods in accuracy, diversity, and realism.

Our insight of leveraging egocentric image features and
the capability of modern SLAM systems opens up many
new opportunities. For instance, we could incorporate more
comprehensive contextual information available from re-
cent advancements in image understanding, including depth
estimation from monocular videos, panoptic segmentation,
or scene reconstruction through neural radiance fields or
3D Gaussian Splats. Additionally, we envision leveraging
video embeddings over extended context windows, poten-
tially from visual language models (VLMs) [2], to refine
context conditions further.

Currently, the performance of our system is still limited
by available context information. For example, the CLIP
embeddings cannot provide precise spatial information, so
they fall short of constraining the precise pose of the hands
even when they are visible. The noisy and sparse point
clouds are less ideal than dense depth maps for accurate en-
vironment contact information; the errors from the SLAM
reconstruction can also propagate to our system. On the
other hand, incorporating more and denser input streams
pose challenge in runtime performance. We will further
elaborate on the above limitations in the supplementary.
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