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Abstract

Egocentric human pose estimation (HPE) using a head-
mounted device is crucial for various VR and AR appli-
cations, but it faces significant challenges due to keypoint
invisibility. Nevertheless, none of the existing egocentric
HPE datasets provide keypoint visibility annotations, and
the existing methods often overlook the invisibility problem,
treating visible and invisible keypoints indiscriminately dur-
ing estimation. As a result, their capacity to accurately pre-
dict visible keypoints is compromised. In this paper, we first
present Eva-3M, a large-scale egocentric visibility-aware
HPE dataset comprising over 3.0M frames, with 435K of
them annotated with keypoint visibility labels. Additionally,
we augment the existing EMHI dataset with keypoint vis-
ibility annotations to further facilitate the research in this
direction. Furthermore, we propose EvaPose, a novel ego-
centric visibility-aware HPE method that explicitly incorpo-
rates visibility information to enhance pose estimation ac-
curacy. Extensive experiments validate the significant value
of ground-truth visibility labels in egocentric HPE settings,
and demonstrate that our EvaPose achieves state-of-the-art
performance in both Eva-3M and EMHI datasets.

1. Introduction

Egocentric human pose estimation (HPE) using a head-
mounted device (HMD) has gained great attention in re-
cent years for its numerous applications in virtual reality
(VR), augmented reality (AR), robotic control, etc [6]. Dif-
ferent from outside-in HPE with external cameras, a key
challenge of egocentric HPE lies in the keypoint invisibility
problem [7, 26, 48], which usually results from two causes.
As shown in Fig. 1 (e), the first cause arises from severe
self-occlusions of body parts, particularly the lower body.
Another cause is the limited field-of-view (FoV) of head-
mounted cameras, making it difficult to fully capture the
body especially when hands and legs are stretched out.
Annotating the visibility of each keypoint is a labor-
intensive and time-consuming process. To the best of our
knowledge, none of the existing egocentric HPE datasets
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include visibility annotations for keypoints. Consequently,
current egocentric HPE methods [15, 43, 48] often neglect
the invisibility issue and treat visible and invisible keypoints
indiscriminately in pose estimation. For invisible keypoints,
the absence of direct visual evidence introduces inherent
ambiguity in predicting their 3D positions. As our experi-
ments demonstrate, this undifferentiated treatment compro-
mises the estimation accuracy of visible keypoints.

We introduce Eva-3M, a large-scale, visibility-aware
egocentric HPE dataset comprising over 3.0M frames, in-
cluding 435K with detailed keypoint visibility labels. As
shown in Fig. 1, Eva-3M was collected from 31 subjects
performing 24 types of daily activities using a commer-
cial Pico4 Ultra VR-MR headset, offering realistic insights
into HPE with real VR devices. It stands as the first and
largest real egocentric dataset to provide both ground-truth
SMPL [29] poses and visibility labels. To foster broader
research, we also extend our contribution by providing key-
point visibility labels for the existing EMHI [15] dataset.

To effectively leverage keypoint visibility and mitigate
the interference of invisible keypoints on visible ones, we
propose EvaPose, a novel visibility-aware framework for
egocentric HPE. As depicted in Fig. 2, EvaPose comprises
three key components: (1) To ensure the generation of plau-
sible 3D poses particularly for invisible keypoints, we em-
ploy a Vector Quantized-VAE (VQ-VAE) [41] model pre-
trained on extensive motion capture (mocap) datasets to em-
bed realistic human pose priors. (2) EvaPose presents a
visibility-aware 3D estimation network to predict per-frame
3D keypoints and their visibility states for the first time.
This is complemented by a visibility-based loss-weighting
scheme that applies distinct supervision to visible and in-
visible keypoints during training. (3) An iterative intra-and
inter-frame attention module is designed to refine the initial
predictions. Within this module, per-frame 3D keypoints
and their visibility scores iteratively interact with stereo im-
age features and with each other across the whole sequence,
achieving robust multi-view and temporal fusion. Finally,
the fused features are processed by the pre-trained VQ-VAE
decoder to reconstruct the final, high-fidelity 3D poses.

In summary, our main contributions are as follows:



(a) 31 subjects with diverse daily outfits

Spatial Distribution of Spinel

Axis-wise variance

Axis-wise variance
X Y
3.86 3.87

Axis
Eva-3M

VA
2.28

Axis
Eva-3M

X
6.30

Y
6.25

(d) Distributions of spine and right ankle locations in Eva-3M and EMHI

VA
5.22

(b) 3M frames covering 24 types of daily actions

Spatial Distribution of Right Ankle

Invisible Visible

R R P R R S VN S S Y
A ‘9& ‘9& P P T
S IR
MEVIRS; \,féx;? (20 220 PG AR

(c) 435K stereo images with visibility labels

(e) Ground-truth visibility labels in stereo images

Figure 1. We introduce Eva-3M, a large-scale egocentric visibility-aware dataset comprising over 3.0M frames from (a) 31 subjects in
daily outfits (b) performing 24 types of daily actions, and of which (c) 435K are annotated with keypoint visibility labels. (d) shows the
normalized spatial distribution comparison between Eva-3M and EMHI, indicating that Eva-3M has a wider range of motion diversity than
EMHI. (e) illustrates a few representative examples of keypoint invisibility due to self-occlusion and out-of-FoV in Eva-3M dataset.

Eva-3M Dataset: A large-scale, real egocentric HPE
dataset with keypoint visibility labels for the first time.
EMHI Enrichment: We augment the existing EMHI
dataset [15] by contributing keypoint visibility labels.
EvaPose Method: A novel visibility-aware framework
that explicitly utilizes keypoint visibility information to
significantly enhance the 3D pose estimation accuracy.
Superior Performance: Extensive experiments validate
the superiority of our method over previous methods.

2. Related Work
2.1. Egocentric HPE Datasets

Recent years have seen the release of large-scale datasets
for egocentric video understanding [50], egocentric action
recognition [16, 17], and egocentric life assistant [49].
However, in the field of egocentric HPE, the availability
of large-scale datasets still remains limited. Collecting a
real-world egocentric HPE dataset is challenging due to spe-
cialized devices and complex setups are required for accu-
rate markerless motion capture. Consequently, prior work
has predominantly relied on synthetic datasets [2, 3, 10,
38, 43, 44, 46]. Although synthetic data enables scalable
generation with perfect ground-truth annotations, the inher-
ent domain gap between synthetic and real-captured data
inevitably limits the performance of the models when de-
ployed in real-world scenarios.
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For real-world egocentric HPE datasets, most existing
works use custom-made wearable capture rigs, such as
EgoCap [35], EgoPW-Scene [43], UE-RW [3], Ego4View-
RW [4], and SELF [7] dataset. However, these capture
rigs differ significantly from commercial VR/AR devices
in both design and imaging characteristics. For instance,
custom setups often employ protruding camera placements
to minimize self-occlusions, while commercial VR/AR de-
vices follow a slim and lightweight design, which typically
induces more severe self-occlusions. In response to this dis-
crepancy, several recent datasets have been constructed us-
ing actual VR/AR devices. Nymeria [31] uses Project Aria
glasses [36] to collect 300 hours of in-the-wild daily motion
data. EgoBody3M [52] introduces the first egocentric HPE
dataset captured with a realistic VR headset configuration,
while EMHI [ 15] provides a multi-modal egocentric human
motion dataset combining real VR devices with body-worn
inertial measurement units (IMUs). Despite these advances,
neither EgoBody3M [52] nor EMHI [15] addresses the is-
sue of keypoint invisibility, and neither dataset provides vis-
ibility annotations for keypoints.

2.2. Egocentric HPE Methods

Existing methods for estimating the wearer’s body pose
vary by input modality, including sparse IMUs [5, 11, 24,
45, 54], front-facing egocentric cameras [19, 22, 27, 51],
and down-facing egocentric cameras [2, 3, 7, 15, 25, 26, 38,



39, 46, 48, 52, 53]. Among these, front-facing camera ap-
proaches often treat pose estimation as a motion generation
or inpainting task, since the wearer’s body is largely out of
view. In this work, we focus primarily on methods using
down-facing egocentric cameras, which are most relevant
to our setting.

Early efforts in this line of work mainly addressed 3D
pose estimation from visual-only inputs. EgoGlass [53] first
predicts 2D heatmaps from each view and then applies a
3D lifting module to reconstruct 3D keypoints from multi-
view 2D heatmaps. UnrealEgo [2] follows a similar pipeline
but introduces a dual weight-sharing encoder architecture to
better leverage stereo information for heatmap estimation.
EgoPoseFormer [48] further advances this direction with
a Deformable Self-Attention (DSA) mechanism for effec-
tive multi-view feature fusion, and adopts a DETR-style [9]
Transformer for coarse-to-fine pose estimation.

More recent studies incorporate camera or device poses
from SLAM systems to improve both 3D pose estimation
accuracy and physical plausibility. FRAME [7] first esti-
mates per-frame 3D poses in local coordinates, aligns them
into a global coordinate system using device poses, and
refines the sequence of 3D poses with a temporal fusion
module. REWIND [26] proposes a diffusion-based ap-
proach [21] that generates global whole-body motion con-
ditioned on stereo egocentric images and camera poses.

Despite these advances, existing egocentric HPE meth-
ods overlook the adverse effect of invisible keypoints on the
estimation accuracy of visible ones. In contrast, we propose
a visibility-aware 3D pose estimation network along with
a visibility-based loss-weighting scheme, which explicitly
differentiates between visible and invisible keypoints dur-
ing training to mitigate such interference.

3. Eva-3M Dataset

The primary challenge in egocentric HPE lies in the preva-
lent issue of keypoint invisibility. As shown in Fig. 1 (a),
which illustrates the visibility statistics of 11 selected key-
points in our Eva-3M dataset, limb keypoints are invisi-
ble nearly half of the time. Despite its significant impact,
none of the existing datasets provide visibility annotations.
To address this gap, we introduce Eva-3M, the first and
largest real-world egocentric dataset offering both ground-
truth SMPL poses and comprehensive visibility labels, with
substantially greater motion diversity. This combination
supports more reliable training and evaluation of egocentric
pose estimation models under realistic conditions.

A detailed comparison in Tab. 1 highlights the advan-
tages of our Eva-3M across several dimensions. First, un-
like prior datasets built with custom capture rigs, Eva-3M is
captured using a commercial Pico4 Ultra VR-MR headset,
providing direct insights into HPE performance in real VR
devices. Second, as depicted in Fig. 1(b) and (c), Eva-3M
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Dataset R/S Cams Frames Vis SMPL Subj Act
Mo?Cap? [46] Syn. 1 530K x x 700 3K
xR-EgoPose [38] Syn. 1 383K X X 46 -
UnrealEgo [2] Syn. 2 450K x X 17 30
EgoGTA [43] Syn. 1 320K x X 5 -
SynthEgo [10] Syn. 2 60K x v 6K -
EgoCap [35] Real 2 75K x X 8§ -
EgoGlobal [42] Real 1 12K X X 2 13
EgoGlass [53] Real 2 173K x X 10 -
UE-RW [3] Real 2 260K X X 16 -
SELF [7] Real 2 1.6M X X 14 -
EMHI [15] Real 2 31M x v 58 39
EgoBody3M [52] Real 4 34M X x 120 30
Eva-3M Real 2 30M v v 31 24

Table 1. Comparison of egocentric motion datasets. R/S denotes
whether the dataset is collected in real or synthetic setting. Cams
indicates the number of egocentric cameras. Vis denotes the avail-
ability of keypoint visibility labels. Subj is the number of subjects,
and Act is the number of action categories.

includes 3.0 million synchronized frames from 31 subjects
performing 24 categories of common VR motions, offering
richer motion diversities than existing benchmarks such as
EMHI [15]. To quantify this, we compare the motion di-
versity between Eva-3M and EMHI by randomly sampling
70K root-relative 3D keypoint coordinates from both. For
better visualization, the root-relative coordinates are nor-
malized by their maximum distance. The spatial distribu-
tions of an internal keypoint (spinel) and an extremity key-
point (right ankle) are visualized in Fig. 1(d), where Eva-
3M covers a noticeably broader spatial range. We further
compute the variance of the original (non-normalized) 3D
coordinates in decimeters, and observe consistently larger
variances for both keypoints in Eva-3M, confirming its
wider range of motion diversities. Third, Eva-3M provides
the first large-scale keypoint visibility annotations across
435K frames. Representative examples of these annotations
are visualized in Fig. 1(e).

Eva-3M consists of 1,353 motion sequences recorded at
30 fps. Each frame includes paired stereo grayscale images
(640x480), ground-truth SMPL parameters in both cam-
era and world coordinates, and corresponding ground-truth
2D/3D keypoints. Further details regarding the data capture
system, ground-truth acquisition, and visibility annotation
process are provided in the supplementary materials.

4. EvaPose

4.1. Overview

Our task is to estimate the body poses of the wearer us-
ing egocentric sensors from a head-mounted device (HMD).
Following recent works [7, 26], our method takes as in-
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(a) Overview of the Proposed EvaPose

(b) Visibility-Aware 3D Pose Estimation

(d) VQ-VAE pretraining

Figure 2. Overview of the proposed EvaPose. Given a sequence of egocentric observations, we first propose a visibility-aware 3D pose
estimation network to extract stereo image features, and predict per-frame 3D keypoints in the camera coordinate system (defined as the
left camera coordinate system in this paper) and their corresponding visibility confidence scores. Then, the predicted 3D keypoints are
transformed to the canonical coordinate system with the help of camera poses from SLAM system. Next, an iterative intra-and inter-frame
attention network is used for temporal feature fusion. Finally, we estimate the 3D poses with the pre-trained VQ-VAE decoder.

put both stereo egocentric videos and camera poses from
the HMD'’s built-in SLAM system. Formally, our proposed
EvaPose models the human pose estimation problem con-
ditioned on a sequence of egocentric observations over a
window of T frames:
oy [ I IR, LT, CRY) (1)
where ¢ denotes the learnable network parameters, and J %,V
represents the set of V; SMPL [30] keypoints in the world
coordinate system at frame ¢. The inputs consist of stereo
egocentric images I'ycy, py € RO#>*W from the left (L)
and right (R) views, along with their corresponding camera
poses Cie{L,R} = [R!|T!] € R3**, which include cam-
era rotation R! € R3*3 and translation T? € R3*'. The
camera poses are provided by the HMD’s SLAM system.
As illustrated in Fig. 2, EvaPose mainly consists of three
components. (1) A VQ-VAE [41] pretrained on extensive
mocap datasets encodes plausible human poses into a dis-
crete codebook, serving as a strong pose prior (Sec. 4.2).
(2) A visibility-aware 3D pose estimation network extracts
stereo image features [FtL, Fﬁ%], and jointly predicts per-
frame 3D keypoints J¢,,,, along with their visibility con-
fidence scores S’i/is (Sec. 4.3). (3) An iterative intra-and
inter-frame attention network fuses the above data over the
whole time window for 3D pose refinement (Sec. 4.4).
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4.2. Learning the Pose Prior

This section describes how we encode 3D human poses
into a discrete representation using VQ-VAE [41]. Previous
methods typically adopt either the HumanML3D [18] repre-
sentation or local pose parameters [ 14] as the pose represen-
tation. However, both approaches overlook shape parame-
ters and present limitations in our context. Since our goal
is to estimate accurate 3D keypoint positions for different
users with varying body proportions and heights, we repre-
sent human poses using 3D keypoints defined in a canonical
coordinate system. As illustrated in Fig. 2 (d), this coordi-
nate system is constructed by projecting the head joint onto
the floor plane, aligning the vertical (y) axis accordingly,
and using the projection of the head’s horizontal orientation
as the horizontal axis. A key advantage of this represen-
tation is its invariance to arbitrary translations in the floor
plane and rotations around the vertical axis.

The overall VQ-VAE architecture, illustrated in
Fig. 2(d), consists of an encoder E, a decoder D, and
a learnable codebook CB {er}E |, where each
code ¢, € RP and D is the code dimension. Given
3D keypoints J ¢4, in the canonical coordinate system
as input, the encoder produces a latent feature sequence
z = E(Jcan) = [21,22, ..., 2], Where each z; € RP
and M is the number of features. Each z; is quantized



to tokens by finding the most similar code element in the
codebook. During training, we adopt the strategy from
prior work [14], utilizing exponential moving average
updates and periodic codebook resets to prevent codebook
collapse. Meanwhile, a combination of three loss terms
including the reconstruction loss, the embedding loss, and
the commitment loss are used to optimize the network.

4.3. Visibility-Aware 3D Pose Estimation

In contrast to prior egocentric HPE methods [7, 44, 48],
we introduce a visibility-aware 3D pose estimation network
which, for the first time, explicitly predicts the visibility
state of each keypoint. By leveraging these predicted states,
EvaPose differentiates between visible and invisible key-
points during training, leading to improved HPE accuracy.
For notational simplicity, we omit frame index ¢ in this sub-
section, as all operations are applied identically per frame.
As illustrated in Fig. 2 (b), given a stereo image pair
LRy € REXHXW aq input, an image encoder first ex-
tracts visual features F'y, and F'r. These features are then
processed by two separate lightweight decoders: one es-
timates 2D heatmaps H, € RN7*H'>W’' 4nd the other
predicts visibility scores S, € R/, where H' and W' de-
note the spatial dimensions of the heatmaps. Following the
design of ViTPose [47], the heatmap decoder comprises a
series of deconvolution layers followed by a final predic-
tion layer. The visibility decoder, for simplicity, is imple-
mented as a convolution layer followed by a Multi-Layer
Perceptron (MLP). Subsequently, a ViT encoder integrates
the multi-view heatmaps and visibility scores for 3D pose
estimation. Let {H; ,} and {s; .} denote the sets of 2N
joint heatmaps and visibility scores, respectively. We first
compute visibility-aware heatmaps as H g,v = Sip - Hyy.
These heatmaps are then embedded into tokens via a patch
embedding layer and augmented with learnable positional
encodings before being fed into the transformer. The tokens
are processed by three successive ViT encoder layers, which
effectively model cross-joint and cross-view dependencies.
Finally, for the ¢-th keypoint, all tokens corresponding to
its multi-view heatmaps (i.e., H 2 ; and H ; R) are concate-
nated and passed through an MLP to regress its 3D position
“um in the camera coordinate system. Meanwhile, the
visibility scores from the left and right views are averaged to
produce the final 3D visibility score: Sy;s = (S +SRr)/2.

4.4. Iterative Intra-and Inter-Frame Attention

We propose an iterative intra-and inter-frame attention net-
work to further improve both the accuracy and temporal
smoothness of pose estimation. First, the 3D keypoints
J égm in the camera coordinate system are transformed into
the canonical coordinate system as J 10371 using the cam-
era poses. The detailed derivation of coordinate transfor-

mations is provided in the supplementary material. The
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canonical 3D keypoints J%,, and visibility scores S%,,, at
each frame are then concatenated and processed by a feed-
forward network to generate frame-level queries {g4}%_;.
As shown in Fig. 2 (c), these queries undergo alternating
processing between a Stereo Transformer Decoder (STD)
and a Temporal Transformer Encoder (TTE). The STD
fuses stereo visual features within each frame, while the
TTE aggregates data across the entire temporal window.
Formally, at the n-th iteration, given features {q!, ;}% ,
from the previous iteration, the STD employs two trans-
former decoders to enable each g, ; to interact with the
visual features from the left and right views independently:

ve{L,R} (2

The resulting features f; and f% are concatenated and
passed through an MLP to produce a multi-view fused fea-
ture f7. All multi-view fused features { £ }7_, within the
temporal window are then fed into the TTE, implemented
as a transformer encoder, for temporal fusion:

4347, - 4] = Encoder([f,,, £7, .. f1])  (3)

After N iterations, we obtain multi-view and temporally
fused features {q’ }7_,, which are subsequently processed
by an MLP and a softmax operation to estimate the logits:

“)

where z! € RM*K represents the predicted logits for
frame ¢. Following prior work [14], we avoid the non-
differentiable operation of directly selecting an embedding
from the codebook by instead estimating logits and multi-
plying them with the pretrained codebook, yielding approx-
imated quantized features:

f! = Decoder(q!, |, F.,),

z' = Softmax(MLP(q'))

t

®)

Finally, the features {2‘}7_; are passed through the VQ-
VAE decoder to reconstruct the refined 3D poses J lcfn
in the canonical coordinate system, which are then trans-
formed back to the world coordinate system to produce the
final 3D poses J%,{/T.

t St
2 =Zy«K XCBKxD

4.5. Training EvaPose

The training process is divided into two stages. In the
first stage, we introduce a visibility-based loss-weighting
scheme to train the visibility-aware 3D pose estimation net-
work. This strategy mitigates interference from invisible
keypoints by assigning different loss weights according to
their visibility states. The overall loss is defined as:

(6)

where Ayis, Anearmap, and Asp balance the individual loss
terms. L.is is the binary cross-entropy loss between the pre-
dicted and ground-truth visibility labels. The heatmap loss

»Cstagel = )\visﬁvis + )\heatmapﬁheatmap + )\3D£3D



Lheatmap and the 3D pose loss L3p are formulated as:

2 Ny
1 _
Eheatmap = m Z Z w(si,j) : MSE(HiJv Hi»j) (N
J=1i=1
Ny
1 w(s;1) + w(s;2) ; =
ESD = NiL] Z f ' MSE( Cam>» JC’am)

i=1
) (®)
where H; ; and H; ; denote the predicted and ground-truth
heatmaps for the i-th keypoint in the j-th camera view.
J&,,, and J,,, represent the predicted and ground-truth
3D positions of the i-th keypoint in the camera coordinate
system. The terms s; ; and s; o indicate the visibility states
of the i-th keypoint in the left and right image, respectively.
The weighting function w(+) assigns a value of 1.0 to visi-
ble keypoints and 0.1 to invisible ones, thereby reducing the
influence of unreliable invisible keypoints during training.
In the second stage, we train the iterative intra-and inter-
frame attention network using a combination of a joint po-
sition loss Lioin; and a smooth 108 Lemoom. The joint loss
Lioint is computed as the mean squared error between the
predicted and ground-truth 3D joint positions. Follow-
ing [11], Lsmootn 18 defined as the mean absolute error be-
tween the predicted and ground-truth joint accelerations.

5. Experiments
5.1. Dataset

Eva-3M. Our dataset comprises 1,353 motion sequences
from 31 subjects performing 24 categories of actions com-
mon in VR scenarios. We reserve all sequences from two
randomly chosen subjects (one male and one female, 98 se-
quences total) for testing, using the remainder for training.
EMHI [15]. We adhere to the official split, dividing the
data into three subsets: 70% for training, and two separate
test sets, i.e., P1 (16%) and P2 (14%). Notably, P2 con-
tains unseen action categories and is designed specifically
to evaluate the model’s generalization capability to out-of-
distribution motions. We further annotate 488K frames
in this dataset with keypoint visibility labels to support
visibility-aware model training and evaluation.

5.2. Implementation Details and Metrics

Implementation Details. For the VQ-VAE module, we set
the number of tokens to M = 160, and the codebook size
to 2048 x 256. The VQ-VAE network is pre-trained on the
AMASS [32], MOYO [40] and AIST++ [28] datasets, and
remains frozen during the training of EvaPose. For EvaP-
ose, we employ two image backbones: ResNet50 [20] and
ViT-Large [ 13, 33], with the corresponding models denoted
as EvaPose-ResNet50 and EvaPose-ViT-L. Input images are
resized to 448 x336 for EvaPose-ViT-L, and kept at the orig-
inal 640x480 resolution for EvaPose-ResNet50. Training
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proceeds in two stages. First, the visibility-aware 3D pose
estimation module is trained with a batch size of 24 and
learning rate of 1 x 105 for 20 epochs. The weights are
set as Avis =5 X 1073, Mpearmap = 0.1, and Asp = 1.0. Then,
the temporal 3D pose refinement network is trained with a
batch size of 4 and a learning rate of 1 x 10~ for 40 epochs,
using a time window of 7" = 24 frames. Further architectural
details are provided in the supplementary material.
Metrics. As in prior works, we evaluate pose estima-
tion accuracy using six metrics: mean per joint positional
error (MPJPE), Procrustes-aligned MPJPE (PA-MPJPE),
upper-body MPJPE (U-PE), lower-body MPJPE (L-PE),
foot MPJPE (FootPE), and hand MPJPE (HandPE). All val-
ues are reported in millimeters. To assess motion smooth-
ness, we adopt Jitter metric (102m/s%) as in [11]. Inference
speed is measured in frames per second (FPS), evaluated on
a single NVIDIA V100 GPU under consistent settings.

5.3. Comparison with State-of-the-Art Methods

To ensure a rigorous comparison, we retrain three lead-
ing egocentric HPE methods, i.e., UnrealEgo [2], EgoPose-
Former [48], and FRAME [7], on both the EMHI and our
Eva-3M datasets, adhering to their original experimental
settings. As summarized in Tab. 2, our approach consis-
tently outperforms prior methods across most key metrics
on all test sets. Notably, on the EMHI P2 test set, which
contains actions unseen during training, both EvaPose-
ResNet50 and EvaPose-ViT-L achieve substantial improve-
ments over the previous state-of-the-art, FRAME [7], in
both MPJPE and Jitter metrics. These experimental results
validate the superiority of our method not only in terms of
accuracy and smoothness of pose estimation, but also in
generalization capability to unseen actions when applying
to real VR scenarios.

To further understand how EvaPose-ResNet50 and
EvaPose-ViT-L outperform previous methods, we compare
the detailed accuracy on visible and invisible keypoints us-
ing the Eva-3M dataset. Tab. 3 presents a breakdown for
representative limb keypoints, from which we draw the fol-
lowing observations: (1) Previous methods yield compara-
ble accuracy on visible limb keypoints, yet perform consid-
erably worse than our approach. This suggests that indis-
criminately treating visible and invisible keypoints degrades
their estimation accuracy on visible ones. (2) Compared
to FRAME [7], our EvaPose-ResNet50 and EvaPose-ViT-L
bring more pronounced accuracy improvements on visible
keypoints than on invisible ones, indicating that our EvaP-
ose can effectively utilize visibility information to mitigate
interference from invisible joints. (3) Ground-truth visi-
bility annotations are highly valuable in egocentric HPE,
where self-occlusion and out-of-FoV are common.

In terms of inference speed, EvaPose-ResNet50 runs
at 48.0 FPS on an NVIDIA V100 GPU, enabling real-



Dataset Methods ‘ MPJPE| PA-MPJPE| U-PE| L-PE| FootPE| HandPE| IJitter] FPStT
UnrealEgo [2] 60.7 38.8 46.5 81.2 104.9 86.6 7.6 58.9
EgoPoseFormer [48] 52.9 33.7 40.6 70.5 93.4 79.2 15.4 67.0

Eva-3M FRAME [7] 49.8 35.1 424 60.5 77.4 80.2 3.1 108.7
EvaPose-ResNet50 (Ours) 35.6 24.7 28.3 46.1 58.4 49.6 3.0 48.0
EvaPose-ViT-L (Ours) 34.2 24.0 27.2 44.5 56.4 49.2 3.2 9.4
UnrealEgo [2] 55.2 38.6 39.9 77.3 100.2 85.2 5.9 58.9
EgoPoseFormer [48] 50.7 29.9 32.9 76.5 96.6 51.0 7.3 67.0

EMHI: P1 FRAME [7] 374 28.2 28.0 51.1 62.1 45.1 24 108.7
EvaPose-ResNet50 (Ours) 36.2 28.0 30.0 453 55.7 44.8 2.6 48.0
EvaPose-ViT-L (Ours) 31.7 25.2 24.9 41.9 54.5 39.9 3.0 94
UnrealEgo [2] 63.7 42.8 46.4 88.7 115.5 100.8 6.1 58.9
EgoPoseFormer [48] 62.6 32.7 42.0 92.3 118.1 66.8 7.6 67.0

EMHI: P2 FRAME [7] 60.5 443 55.8 67.4 78.6 75.5 6.4 108.7
EvaPose-ResNet50 (Ours) 38.5 29.5 314 48.8 61.9 57.8 3.1 48.0
EvaPose-ViT-L (Ours) 333 26.2 25.4 44.7 58.9 47.5 34 9.4

Table 2. Comparison with state-of-the-art methods on the Eva-3M and EMHI datasets. The best and second best results are highlighted in

boldface and underlined, respectively.

Methods Ankle Foot Elbow Wrist Mean
Visible Invisible | Visible Invisible | Visible Invisible | Visible Invisible | Visible Invisible
UnrealEgo [2] 83.0 87.1 91.3 106.8 52.0 63.0 67.0 85.8 73.3 85.7
EgoPoseFormer [48] 78.2 94.2 83.9 96.4 49.1 63.2 57.9 101.0 67.3 88.7
FRAME [7] 77.8 79.1 81.2 92.5 53.0 59.5 67.9 86.5 70.0 79.4
EvaPose-ResNet50 52.2 66.4 60.8 82.5 32.2 48.0 38.0 65.7 45.8 65.6
EvaPose-ViT-L 49.2 63.8 57.2 79.4 29.5 45.6 34.2 63.3 42.5 63.0

Table 3. Performance comparisons of visible and invisible keypoints on the Eva-3M dataset.

Method | MPJPE, PA-MPIPE| VLK-PE, ILK-PE|
w/o visibility 40.6 279 53.5 65.3
with visibility 35.6 24.7 45.8 65.6

Table 4. Impact of the visibility-aware model and loss design.
VLK-PE is the MPJPE for visible limb keypoints, including ankle,
foot, elbow and wrist. ILK-PE denotes the MPJPE for invisible
limb keypoints.

TTE STD VQ-VAE ‘ MPJPE| PA-MPJPE| litter|
X X X 46.0 333 4.7
v X X 40.3 27.0 2.5
v v X 39.1 259 2.7
v v v 35.6 24.7 3.0

Table 5. Ablation study for key components in our model.

time performance despite being slower than prior methods.
EvaPose-ViT-L, which employs a large ViT-Large back-
bone with 0.3B parameters, achieves the highest accuracy
across all datasets at the cost of lower FPS, as expected.

The qualitative results in Fig. 3 further highlight our

method’s superior capability in estimating accurate and
physically plausible 3D poses, including those of invisible
keypoints. A significant enhancement is evident in the limb
regions, which is consistent with the quantitative results in
Tab. 2. We also provide more quantitative and qualitative
comparison results in our supplementary materials.

5.4. Ablation Study

We conduct comprehensive ablation studies on the Eva-3M
dataset using the ResNet50 image backbone to evaluate the
contribution of each proposed module.

Impact of the visibility-aware model and loss design. As
one of our key contributions, we introduce a visibility-aware
3D pose estimation network along with a visibility-based
loss-weighting scheme to explicitly model keypoint visi-
bility and leverage it for improved pose estimation accu-
racy. To validate their effectiveness, we perform an ablation
by removing all visibility-related components. As reported
in Tab. 4, incorporating the visibility-aware model and
loss design significantly reduces MPJPE for visible limb
keypoints, leading to notable improvements in both over-
all MPJPE and PA-MPJPE metrics. These results jointly
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EvaPose-ViT-L

Stereo Inputs EvaPose-ResNet50

FRAME EgoPoseFormer UnrealEgo

Figure 3. Qualitative comparisons on both EMHI (the first two rows) and Eva-3M (the last two rows) datasets. For better illustration, the
predicted (red) and ground-truth (green) 3D poses are re-projected onto external reference views which are not used for pose estimation.

demonstrate the importance of visibility annotations and the
efficacy of our visibility-aware modeling approach.

Impact of the key components. As described in Section 4,
there are three key components in our model: the VQ-VAE
pose prior, the Stereo Transformer Decoder (STD), and the
Temporal Transformer Encoder (TTE). Tab. 5 summarizes
our ablation study by removing these components sequen-
tially to isolate their contributions. First, introducing the
pose prior via VA-VAE decreases MPJPE from 39.1mm to
35.6mm, demonstrating that 3D pose priors learned from
large-scale mocap datasets can help resolve ambiguities,
particularly for invisible keypoints. Second, incorporating
stereo visual features via the STD network can contribute to
additional accuracy improvement. Third, the TTE module
plays an important role in reducing both MPJPE and Jitter
metrics, which confirms the importance of temporal fusion
in improving smoothness and accuracy.

7054

6. Conclusion

We introduced Eva-3M, a large-scale real egocentric
visibility-aware HPE dataset. It provides visibility labels
for the first time and surpasses existing datasets in motion
diversity. Captured using a Pico4 Ultra VR-MR device,
Eva-3M offers realistic insights into HPE in real VR-MR
devices. We also proposed EvaPose, a novel egocentric
visibility-aware HPE method explicitly leveraging the visi-
bility information to improve the HPE accuracy. Extensive
experiments validate that EvaPose achieves state-of-the-art
performance on both the EMHI and Eva-3M benchmarks.

Limitations. As a data-driven approach, our method relies
on large-scale, high-quality GT labels, which are challeng-
ing to acquire in in-the-wild scenarios. Exploring weakly-
supervised or self-supervised training methods to improve
generalization will be a promising direction for future work.
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