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Hand and camera motion in world space

Figure 1. We propose HaWoR, a world-space 3D hand motion estimation method for egocentric videos. We decouple world-space hand
motion estimation by combining camera-frame motions and world-space camera trajectories. HaWoR achieves state-of-the-art performance
on both camera pose estimation and hand motion reconstruction, even under challenging cases where hands are out of the view frustum.

Abstract

Despite the advent in 3D hand pose estimation, current
methods predominantly focus on single-image 3D hand re-
construction in the camera frame, overlooking the world-
space motion of the hands. Such limitation prohibits their
direct use in egocentric video settings, where hands and
camera are continuously in motion. In this work, we pro-
pose HaWoR, a high-fidelity method for hand motion re-
construction in world coordinates from egocentric videos.
We propose to decouple the task by reconstructing the hand
motion in the camera space and estimating the camera tra-
jectory in the world coordinate system. To achieve pre-
cise camera trajectory estimation, we propose an adaptive
egocentric SLAM framework that addresses the shortcom-
ings of traditional SLAM methods, providing robust perfor-
mance under challenging camera dynamics. To ensure ro-
bust hand motion trajectories, even when the hands move
out of view frustum, we devise a novel motion infiller net-

*Corresponding authors

work that effectively completes the missing frames of the
sequence. Through extensive quantitative and qualitative
evaluations, we demonstrate that HaWoR achieves state-
of-the-art performance on both hand motion reconstruction
and world-frame camera trajectory estimation under differ-
ent egocentric benchmark datasets. Code and models are
available on hitps://hawor-project.github.io/.

1. Introduction

Recovering fine-grained 3D hand motion estimation from
monocular videos has garnered significant attention, given
its critical role in various applications such as aug-
mented/virtual reality (AR/VR) and human behavior analy-
sis [3, 5, 31, 50]. Despite the progress of 3D hand pose esti-
mation from monocular images and videos [14, 22,23, 28—
30], existing approaches predominantly focus on camera-
space reconstructions, often overlooking the hands’ trajec-
tories in world-space. Neglecting the camera motion re-
stricts the ability of hand reconstruction methods to accu-

2575-7075/25/$31.00 ©2025 IEEE 1805
DOI 10.1109/CVPR52734.2025.00175
Authorized licensed use limited to: Southeast University. Downloaded on September 09,2026 at 18:07:46 UTC from IEEE Xplore. Restrictions apply.



rately interpret the human movements, posing a significant
burden in advancing the understanding of human actions.

Estimating hand motion on world coordinates and cap-
turing the global motion trajectory in dynamic environ-
ments is non-trivial. This is particularly pronounced in ego-
centric scenarios, where both the hands and the camera are
simultaneously in motion, complicating the estimation of
the scale of hand movements, resulting in trajectories that
fail to reflect the true motion in world coordinates. Finding
a direct mapping between egocentric videos and 3D world
coordinates of the hands is extremely challenging due to
frequent occlusions, rapid hand movements, and the dy-
namic interactions between the hands and the surrounding
environment [4]. In particular, in contrast to human mo-
tion recovery, reconstructing hand motion poses challenges
for two reasons. Firstly, the scale of hand trajectories in
egocentric views is inherently more complex compared to
third-person perspectives. Secondly, in egocentric scenar-
ios, hands frequently fall outside the field of view or experi-
ence severe occlusions, making motion estimation particu-
larly challenging. While human motion estimation can ben-
efit from the use of motion priors, developing such priors of
the hand motion is non-trivial due to the intricate nature of
hand displacements and articulations, compounded by the
limited availability of large-scale hand mocap datasets.

Early approaches in world-space human mesh recovery
depend on multi-view camera setups and visual odometry
systems, which often struggle to generalize beyond con-
trolled capture environments [26, 40]. Although Simul-
taneous Localization and Mapping (SLAM) methods [36]
have made considerable strides in capturing unstructured
environments with dynamic camera movements, they of-
ten struggle when dealing with dynamic scenes that involve
complex human motions. To tackle this, several methods
have approached world-frame reconstruction by leveraging
heavy optimization schemes to align the human motion to
estimated SLAM camera trajectories [43, 46]. To allevi-
ate the costly optimization process, follow-up works have
attempted to utilize camera-space motion recovery methods
and directly predict the camera-to-world transform [33, 41].

Given that accurately reconstructing 3D hand motions
in the world-coordinate system is significantly challeng-
ing, we propose to decompose the problem into two sim-
pler tasks: the 3D hand motion reconstruction in the cam-
era space and the camera trajectory estimation in the world
space. For the first task, we train a high-fidelity transformer-
based 3D hand motion reconstruction model to effectively
capture hand motions in the camera space. However, re-
constructing the 3D hand motions from egocentric videos
poses significant challenges, especially when the hands are
not visible within the camera frame or face severe occlu-
sions. To address this, we enhance our proposed 3D hand
motion reconstruction framework with a novel motion infill-
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ing module that estimates the missing and occluded hands.
To reconstruct the camera trajectory in the world-coordinate
system, we follow a hybrid method that adapts the esti-
mated camera trajectory derived from monocular DROID-
SLAM [36] to the world space using a metric founda-
tional model [44]. Nevertheless, directly using the DROID-
SLAM method and the estimated world-scale from met-
ric networks to adjust the camera trajectory leads to faulty
camera trajectories that do not accurately represent the true
scale of the environment. We effectively overcome this by
proposing an adaptive version of DROID-SLAM that ex-
cludes the hand regions from the bundle adjustment state
and achieves accurate and robust camera trajectories from
egocentric videos. Similarly, we propose a normalization of
the metric space to achieve accurate world scales.

To sum up, in this paper, we present HaWoR, a robust
method for 3D hand motion estimation in world coordinates
from single, in-the-wild video. Specifically:

* We propose the first, to the best of our knowledge, 3D
hand motion estimation method in the world-coordinate
system. In contrast with previous methods that tackle 3D
hand pose estimation in the camera space, we model 3D
human hands in the global space, making a significant
step towards real-world 3D hand motion reconstruction.

* The proposed hand motion reconstruction method lever-
ages a novel infiller network and is able to capture high-
fidelity hand motions even from videos with missing
frames and severe occlusions.

* Finally, we propose a robust single-shot camera trajectory
estimation pipeline tailored to egocentric videos, which
achieves state-of-the-art performance compared to greedy
optimization-based methods.

2. Related Work

3D Hand Pose Estimation Hand pose estimation has been
widely studied for over than a decade, where early meth-
ods utilized depth cameras to reconstruct the 3D hand [13,
25, 35]. In the pioneering work of Boukhayma et al. [8],
the authors proposed the first single-image 3D hand recon-
struction method trained to estimate the hand parameters of
MANO model [32]. Several methods have followed [8] by
regressing MANO parameters [2, 47] or directly predict-
ing the 3D hand vertices [20, 22, 23]. Recently, the im-
portance of data and model scaling has been extensively
highlighted, with large-scale transformer models being in-
troduced to enhance reconstruction quality [21, 49]. In par-
ticular, Pavlakos ef al. [28] demonstrated that by utilizing a
pretrained large-scale Vision Transformer (ViT) and scaling
the data can effectively improve the performance. Potamias
et al. [30] introduced a refinement mechanism to progres-
sively deforms the estimated hand pose resulting in state-
of-the-art 3D hand pose estimations with accurate image-
alignment.
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Figure 2. Overview of our method. Given an egocentric video V with a set of detected hands from an off-the-shelf detector [30], we
utilize a large-scale transformer-based module with two levels of data-driven motion priors to reconstruct the 3D hand motions in the camera
frame. To reconstruct hand movements beyond the view frustum, we introduce a novel hand motion infiller network designed to complete
the missing frames in the hand motion sequence. We estimate world-space camera trajectories using an adaptive egocentric SLAM module
that is accompanied by a foundation metric model [44] to accurately align the SLAM reconstructions to the world-coordinates.

3D Body and Camera Reconstruction. Estimation of
body and camera trajectory in world coordinate system was
initially approached using multi-camera setup [15] or addi-
tional wearable devices (e.g., IMU [40] or electromagnetic
sensors [16]). GLAMR [46] introduced the first method
for estimating global human trajectories from monocular
videos with dynamic cameras, using a global trajectory re-
gressor to infer the overall human trajectories from local-
ized body movements. Several methods [19, 43] proposed
to decouple camera and human motion by optimizing to-
gether a SLAM camera trajectory and the human motion,
utilizing motion priors to constrain the optimization. Dif-
ferently, WHAM [33] proposed training a regression net-
work that given an input video and camera estimation di-
rectly predicts the global human trajectory. Recently, some
studies [41, 48] combined SLAM estimations with a metric
depth network to further enhance the metric scale of cam-
era trajectories. However, these methods are primarily de-
signed for third-person, full-body motion, which presents
challenges that are markedly different from those encoun-
tered in egocentric hand motion. We propose a high-fidelity
world-space 3D hand motion estimation approach to ad-
dress these challenges effectively.

3. Method

Given an egocentric video V € , We aim to
accurately reconstruct the complete 3D motion of hand
represented with MANO [32] pose {©¢ € R!5*3}T and

RTXHXWXS
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shape parameters {3; € R19}Z_; along with a global ori-
entation {®! € R3}L_, and root translation {T¢ € R3}T_,
expressed in the world-coordinate system. The proposed
method is composed of three main modules: i) the hand
motion estimation network M that reconstructs robust hand
motions in the camera-frame ii) the camera-trajectory esti-
mation module that effectively predicts the camera pose in
the world-coordinates and iii) the motion infiller network F
that restores non-visible and occluded hands and reinforces
the temporal coherence of the reconstructed 3D hand mo-
tion. An overview of the proposed framework is visualized
in Fig. 2.

3.1. Hand Motion Estimation

Predicting hand motion from egocentric videos presents sig-
nificant challenges due to the prevalence of severe occlu-
sions, motion blur and perspective distortions. Despite ad-
vancements in single-image hand pose estimation [28, 30],
directly extending these methods to hand motion estimation
presents three key challenges that limit accurate and robust
reconstructions. Firstly, such methods lack temporal coher-
ence since they are trained on individual images, resulting in
unpleasant jitter artifacts when applied to video reconstruc-
tion. Secondly, hands in egocentric videos often encounter
a boundary truncation problem due to the limited field of
view, leading to partial or incomplete hand visibility, which
significantly deteriorates the performance of hand pose es-
timation frameworks. Thirdly, the lack of motion priors in
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hand pose estimation methods, combined with severe oc-
clusions and motion blur in egocentric videos, can further
reduce the realism of reconstructed hand motions. To effec-
tively mitigate the aforementioned challenges, we propose
a hand motion estimation network M, which extends state-
of-the-art single-image hand pose estimation methods [30]
by learning spatio-temporal motion priors.

In particular, given an input video V. € RTXHXWx3 e
first use multi-hand detection [30] and tracking [ 1] methods
to obtain the bounding box sequence of each hand 7. We
utilize the pre-trained ViT backbone of the state-of-the-art
3D hand reconstruction method WiLoR [30] to extract ro-
bust image-aligned features f; for each frame ¢ of the video.
To mitigate truncated hands and thereby enhance the tem-
poral consistency of the extracted image-aligned features,
we introduce a temporal Image Attention Module (IAM)
that updates the feature tokens fg with temporal informa-
tion. Using temporal self-attention, appearance features are
fused across adjacent frames, enhancing the robustness of
the backbone features at boundary regions. Following [30],
we utilize an additional token to regress MANO pose ©Oi
and shape 5; parameters along with the hand orientation
@ and camera-space hand translation [¢*",

Nevertheless, despite IAM layer significantly enhanc-

ing the image features on truncated and occluded regions,
the features extracted from ViT backbone still suffer from
baked appearance and background elements and fail to cap-
ture expressive hand motion cues. To tackle this, we intro-
duce an additional Pose Attention Module (PAM), which
applies temporal self-attention directly to the MANO [32]
pose parameters. Effectively, PAM learns hand motion pri-
ors to constrain the 3D reconstructions and improve the
temporal coherence of motion.
Loss function. To train the hand motion estimation mod-
ule M, we utilize a set of loss functions, including 3D and
2D hand joint losses, along with direct MANO parameters
supervision. The overall loss function is formulated as:

T
Ly = Z(Al‘C;D + XL + A3 Lyano)s

t=1
ﬁgD = HJgD - J§D||1a
531) = HJgD - J3D||17

Litano = 110¢ = O4l13 + 118 — BilI3,

6]

where each )\; is a weighting factor that balances the in-
fluence of the respective loss terms, J,p and J3p are 2D and
3D joints, respectively.

3.2. Camera Trajectory Estimation

Estimating the camera motion in the world frame from an
egocentric video can be viewed as a camera localization
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problem. However, despite the success of SLAM meth-
ods in addressing camera localization, two major chal-
lenges prevent their direct application to egocentric hand
videos: Firstly, in egocentric videos, hands occupy a sub-
stantial portion of the field of view, which can highly in-
fluence the feature-matching step of structure-from-motion
methods, leading to imprecise camera motions. Secondly,
SLAM methods estimate camera translation up to an arbi-
trary scale, which does not reflect real-world translations.
To tackle the aforementioned challenges, we propose a hy-
brid approach that leverages an adaptive SLAM method tai-
lored to egocentric videos coupled with a foundational met-
ric depth model to achieve robust camera pose estimation.
Adaptive Egocentric SLAM. Despite advancements in
SLAM methods, such as DROID-SLAM [36], which
demonstrate robustness against subtle dynamic objects,
large hand movements in egocentric views can severely im-
pact the reconstruction accuracy of SLAM approaches. Fol-
lowing [41], we utilize a dual-masking strategy to exclude
the hand motion from the reconstructed camera trajectory.
In particular, we project the reconstructed 3D hand motions
in the image space to define a hand mask M,. We then mask
the hand regions in both the input images and the predicted
confidence maps of DROID-SLAM [36].

Iy = (1= My) - I,y = (1= My) - wy, (2)
where I; is the input image at timestamp ¢ and w; is the con-
fidence map of DROID-SLAM. This step eliminates the dy-
namic hand regions from both the feature extraction and the
dense bundle adjustment steps of DROID-SLAM, making
the camera trajectory estimation robust to dynamic hands.
Specifically, masking the confidence map wy; effectively ex-
cludes the corresponding coordinates from the re-projection
error calculation, ensuring that only background pixels con-
tribute to camera motion estimation in the Dense Bundle
Adjustment (DBA) process and enhances robustness against
hand motion.

Metric Scale Estimation. Given that monocular SLAM
methods lack absolute depth information, they can only es-
timate the camera trajectory up to an arbitrary scale fac-
tor without a fixed world-scale reference. Hence, SLAM
methods can only estimate relative depths d; in arbitrary
units that do not correspond to a fixed scale. To re-
construct high-fidelity camera translation scale « in real-
world coordinates, we propose a robust scale estimation ap-
proach that integrates a metric network with a dynamic sam-
pling. Specifically, we utilize Metric3D [44], a foundational
model trained on large-scale datasets that can reliably pre-
dict metric-scale depth from a single image, ensuring gener-
alization to in-the-wild data. For each keyframe of DROID-
SLAM, we use Metric3D [44] to predict a scene depth D, in
meters. Furthermore, given that current metic networks are
less accurate in regions too close and too far from the cam-
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era, we propose a dynamic sampling strategy to effectively
increase the robustness of the scale estimation. Specifically,
we mask out both the hand regions as well as points that are
either near or far away from the camera and restrict the es-
timation of the scaling factor to reliable points within an in-
termediate range and outside the hand region. The optimal
min-max depth interval priors are derived by optimizing the
scale accuracy on the egocentric training dataset. Given the
obtained hand masks and the thresholds for distance, the
adaptive sampling module (AdaSM) selects a point set S;
that satisfies:

St = {p ‘ p ¢ Mtvain < Dt(p) < Dmax}- (3)

Following [41], we estimate the final scale a by optimizing
the alignment between SLAM and Metric3D depth estima-
tions on the sampled set as:

E(a) = Z Lom(Dy(p) — a - d,(p)),

PES:

“4)

where Lguy is the German-McClure loss function [6]. This
approach optimizes the scale « estimation by focusing on
regions where depth prediction is more reliable, thereby
mitigating the influence of outliers such as moving hands or
extreme depth values, achieving highly precise and robust
scale estimation.

3.3. Hand Motion Infiller

Due to the limited field of view in egocentric videos, hands
are often outside of the visible frame, leading to distorted
and incomplete 3D reconstruction of the hand motion. To
address this issue, we introduce a novel hand motion infiller
network F, which is tailored to complete the out-of-bounds
hands and reconstruct the full 3D hand motion sequence. In
particular, given an incomplete 7-frame sequence of hand ¢
MANO parameters of {©, 5i, &5 T'¢"} predicted from
the hand motion estimation network in each camera frame
¢y (with missing frames set to zero), the motion infiller net-
work predicts a complete motion {©%, 3¢, ®i T} that ac-
curately fills the missing frames.

Canonical space transformation. As a first step, we trans-
form the input sequence from camera space to canonical
space, which decouples the hand motion from the dynamic
camera and aligns the sequence start state to zero translation
and zero rotation. This operation can standardize the input
sequence and facilitate training. Specifically, we first com-
pute the camera-to-canonical transformation T¢:2¢an0 —
[Rei2eanosi|gei2eanosd] that aligns the first frame’s hand ro-
tation and translation to zero. Subsequently, the hand rota-
tions and translations are transformed into canonical space:

(I)gano,l _ Rct20ano,z % bet’l,

Fgano,i _ RctQCano,i % th,i + tc,,Qcano,i

(&)
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Infiller Network. Predicting the hand pose of missing
frames can be considered a motion-in-between task. To
this end, we follow [17] and build our motion infiller net-
work using a transformer-encoder architecture trained to
predict the missing pose tokens. Specifically, we initially
project the input MANO sequences to D-dimension latent
vectors and then feed them to a set of stacked multi-head
self-attention layers. Given that transformer encoder does
not explicitly capture the auto-regressive nature of the mo-
tion, we incorporate positional embeddings [39] to encode
the temporal information of each frame. The output to-
kens are passed to a simple fully-connected decoder that
regresses the MANO sequence in canonical space. Finally,
we convert the MANO sequence to the world space by com-
puting the canonical-to-world transformation 7¢4m02w:i —
[RcanOQw,i |tcan02w,i] .

Training. To train the motion infiller network, we use
HOT3D [4] since it provides both egocentric and third-
person views of the hands, enabling us to easily identify and
label the frames of each video where the hands are out of the
egocentric camera frustum. To augment the training data,
we sample additional video sequences and randomly mask
frame segments while retaining the start and the end frames
to serve as context for the infiller network. To facilitate the
training process, we initialize the MANO parameters of the
missing frames using a pose interpolation scheme. Specif-
ically, for a given motion sequence, translations and shape
parameters are linearly interpolated, while global rotations
and pose parameters are interpolated with spherical linear
interpolation (SLERP). This can reduce the workload of the
infiller network and enable more robust reconstructions.
Loss Functions. We train the motion infiller network using
a combination of loss functions to penalize the world trans-
lation and orientation along with the hand pose and shape.
The overall loss function is formulated as:

T

Lr =Y (MLh+72L% +73LE +1Lh),
t=1

L4 = ||y = Tyl1, L5 = [|@ — &4 1,
0(5 = ||@t - ét”l;»ctﬁ = Hﬁt —BtHh

(6)

where each +; is a weighting factor that balances the influ-
ence of the respective loss terms.

4. Experiments

Datasets. To assess the camera-frame hand motion recon-
struction performance of HaWoR and baseline models we
utilize DexYCB [9] dataset, which comprises videos cap-
turing hand-object interactions from a set of static cam-
eras including conditions of severe occlusion. To eval-
uate the reconstructed world-space camera and hand tra-
jectories along with the infiller reconstructions, we use
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HOT3D dataset [4], that contains egocentric videos cap-
tured from dynamic cameras accompanied with ground-
truth camera trajectories along with MANO annotations in
world-coordinates.

Evaluation Metrics. To evaluate the 3D hand pose in the
camera-frame, we use Procrustes-Aligned Mean Per Joint
Position Error (PA-MPJPE) and the Area Under the Curve
(AUC) of correctly localized keypoints. Following [43],
we assess the hand estimation in the world-frame using
World MPJPE (W-MPJPE) and World Aligned MPJPE
(WA-MPIJPE). In addition, we evaluate the error of the en-
tire trajectory with root translation error (RTE) and com-
pute acceleration error (Accel) to evaluate the smoothness
of motion. Frechet Inception Distance (FID) is used to mea-
sure the motion filling quality. To quantify the quality of the
camera trajectory, we compute the Average Trajectory Error
(ATE) that aligns the scale of GT and ATS-S that uses the
estimated scale, as described in [41].

4.1. Camera-frame 3D Hand Motion

To achieve accurate world-space hand motion reconstruc-
tion it is essential to achieve robust and high fidelity hand
motion estimation in the camera-frame. Given that ego-
centric videos often face sever occlusions, we follow [12]
and utilize DexYCB dataset that provides explicit annota-
tions regarding the occluded frames within a video. Specif-
ically, in Tab. 1 we compare HaWoR against image- and
video-based methods for camera-frame 3D hand motion re-
construction under different occlusion ratio levels. As can
be observed, HaWoR archives robust performance across
different occlusion rates. In contrast, WiLoR [30] and
Deformer [12] that serve as state-of-the-art methods for
3D hand pose estimation from single-image and video, re-
spectively, face a huge performance degradation on videos
with increased occlusion rates. It is important to note that
HaWoR performance on sever occlusion rate (75%-100%)
shows a more significant improvement than state-of-the-art
methods (i.e., WiLoR [30] 5.68 vs HaWoR 5.07).

4.2. World-frame 3D Hand Motion

In this section, we quantitatively and qualitatively evaluate
HaWoR in hand motion reconstruction in the world-space.

Baselines. Given that HaWoR is currently the first, to
the best of our knowledge, framework that tackles world-
space hand motion reconstruction, we implement a set of
strong baseline methods that follow the literature of world-
grounded human body motion estimation [33, 43, 46]. In
particular, we use state-of-the-art performing methods for
hand pose estimation, namely HaMeR [28], WiLoR [30]
and HandDGP [38], coupled with DROID-SLAM [36], to
recover the world-space hand and camera motion. Ad-
ditionally, we implement an optimization-based method
that closely follows SLAHMR [43] by combining DROID-
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All 50%-75% 75%-100%

Methods
MPJPE AUCMPIJPE AUC MPJPE AUC
9 Spurr et al. [34] 6.83 86.4 8.00 84.0 10.65 78.8
% MeshGraphormer [23] 6.41 87.2 7.22 85.6 7.76 84.5
f, SemiHandObj [24] 6.33 874 7.17 85.7 896 82.1
& HandOccNet [27] 5.80 884 6.43 87.2 7.37 853
B WiLoR [30] 5.01 90.0 542 89.2 5.68 83.7
S?HAND(V) [37] 7.27 855 7771 84.6 7.87 84.3
s VIBE [18] 643 87.1 684 864 7.06 85.8
& TCMR [10] 6.28 87.5 6.58 86.8 6.95 86.1
© Deformer [12] 522 89.6 570 88.6 6.34 87.3
Proposed 4.76 90.5 5.03 89.9 5.07 89.9

Table 1. Quantitative camera-frame comparison of state-of-the-
art hand pose estimation methods on the DexYCB test dataset.
We compare PA-MPJPE and AUC results, especially the split un-
der large occlusion proportion (50%-75% and 75%-100%), which
highlights our robustness in challenging visibility conditions.

Methods ATE} ATE-S|
All Short Med Long All
DROID [36] 380 - -

3.80 25.03 39.39 75.95 43.58
3.80 18.14 25.50 43.60 27.49
3.80 14.28 21.56 29.10 21.07

336 - - - -

3.36 11.91 25.34 36.05 23.67
3.36 14.63 20.49 25.54 19.85
3.36 14.03 22.38 27.49 20.97

3.36 9.31 15.86 19.26 14.61

DROID + ZoeDepth [7]
DROID + DepthAnyV?2 [42]
DROID + Metric3DV?2 [44]

Proposed w/o Scale

Proposed w. ZoeDepth [7]
Proposed w. DepthAnyV?2 [42]
Proposed w/o AdaSM

Proposed

Table 2. Evaluation of camera estimation with aligned scale (ATE)
and estimated scale (ATE-S). We also report the split results of
short (< 5m), medium (3m—5m) and long (> 5m) displacement.
ATE and ATE-S is in mm.

SLAM with the powerful hand motion prior (HMP) [11] to
align the hand pose estimations with the camera trajecto-
ries. Additionally, we compare the proposed world-frame
camera trajectory with different metric depth estimation
methods, including ZoeDepth [7], DepthAnythingV?2 [42]
and Metric3DV2 [44]. To facilitate understanding between
the contribution of each network component, we divide the
evaluation into two steps to assess both the global cam-
era trajectory and the reconstructed hand motion in world-
coordinates.
Global Camera Trajectory. In Tab. 2 we evaluate the cam-
era trajectory estimation of the proposed adaptive egocen-
tric SLAM method compared to baseline approaches that
naively combine DROID-SLAM [36] with metric networks.
As can be easily observed, although directly apply-
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WiLoR + DROID-SLAM

Ground Truth

Proposed

Figure 3. Visualization of right-hand estimated trajectories on challenging cases of HOT3D. The first example depicts someone picking
up a kettle, turning around, and pouring water. The second example depicts the subject placing a tin on the table and then picking up
another. The third video depicts the subject using a mouse keyboard and then reaching for a cup to drink water. In contrast to the baseline
methods, HaWoR achieves robust hand trajectories, especially in challenging scenarios with large hand movements and truncated hands.

Method PA-MPJPE W-MPJPE WA-MPJPE RTE Accel
HaMeR-SLAM [28] 9.39 156.03  43.37 4.77 19.25
HandDGP-SLAM [38] 17.88  154.30 4293 3.18 20.17
WiLoR-SLAM [30] 6.00 151.67 3949 299 8.02
HMP-SLAM [11] 10.51 11941 3946 2.79 5.50
Proposed 4.79 33.20 11.27 0.78 541

Table 3. Quantitative evaluation in world-space coordinates on
HOT3D dataset.

ing metric models to SLAM-estimated camera trajectories
may be sufficient for third-person body motion reconstruc-
tion [33, 43, 45, 46], it falls short in accurately reconstruct-
ing camera trajectories in egocentric scenarios, which are
characterized by significant occlusions and hands occupy-
ing a large portion of the frame. In contrast, the proposed
approach effectively mitigates this issue by providing accu-
rate visual cues during the SLAM bundle adjustment step
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that facilitate the reconstruction performance in egocentric
scenarios. It is also important to note that the trajectory er-
ror is further exacerbated when it comes to estimating the
actual world-scale estimations (ATE-S). The effect of the
adaptive SLAM proposed in HaWoR can be further vali-
dated in Fig. 4, where the camera trajectories match the
ground truth camera motion, addressing the limitations of
DROID-SLAM approach in egocentric views.

Hand motion estimation in world-coordinates. In Tab. 3
we report the performance of HaWoR and the baseline
methods in hand motion reconstruction in the world-
coordinates. HaWoR significantly outperforms both regres-
sion and optimization-based baselines by a large margin un-
der both camera (PA-MPJPE) and world-space reconstruc-
tions (W-MPJPE). Furthermore, HaWoR produces more
stable and robust motion reconstructions that are unaffected
by occlusions, as indicated by the RTE metric. Besides,
compared to the baseline methods, HaWoR achieves signif-
icantly lower acceleration error, validating the smoothness
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Figure 4. Camera global trajectory. The proposed adaptive
SLAM approach demonstrates precise camera trajectory estima-
tion while recovering accurate real-world scale, outperforming
DROID-SLAM, which struggles with both trajectory accuracy and
scale consistency.
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Figure 5. Hand global trajectory for the right hand on HOT3D.
Compared to HMP-SLAM, HaWoR produces accurate trajectories
even for complex and long-range hand movements.

of the reconstructed motions across frames.

The accuracy of the proposed hand motion can be fur-
ther validated in both Fig. 3 and Fig. 5, where we com-
pare the hand trajectories estimated from HaWoR and an
optimization-based approach that utilizes hand motion pri-
ors to guide the motion (HMP-SLAM). HaWoR achieves ac-
curate hand trajectories that follow the ground truth even on
complex motions that the baseline methods fail. It is also
important to note that apart from the superior performance
in camera trajectory estimation, HaWoR requires only a sin-
gle forward pass of 40 ms per frame, significantly reducing
inference runtime by 75% compared to optimization-based
method of HMP-SLAM, that requires 160 ms for per frame.

4.3. Ablation

We perform an ablation study to assess the effect of key
components in our framework. In particular, we initially
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Method PA-MPJPE W-MPJPE WA-MPIJPE RTE Accel

w/o Pretrained ViT ~ 7.59 86.80 19.46  1.26 9.09
w/o IAM & PAM 5.07 44.60 13.85 0.93 8.42
w/o PAM 4.80 36.32 12.40 0.88 6.03
Proposed 4.79 33.20 11.27 0.78 5.41

(a) Hand motion components. Here is the ablation results without IAM
(Image Attention Module), PAM (Pose Attention Module) or pretrained
ViT.

Method FID PA-MPJPE W-MPJPE WA-MPJPE RTE
Last Pose 1.52 7.83 116.79 78.78 13.04
LERP 142 6.33 75.01 49.16 9.39
Proposed 0.57 6.22 66.25 37.22 7.41

(b) Motion Infiller. We experiment on the invisible sequences of
HOT3D [4] validation dataset.

Table 4. Ablations study on the key modules of our method.

report the effect of the image and pose motion priors that
compose the proposed hand motion estimation network. As
can be seen in Tab. 4(a), both IAM and PAM modules con-
tribute to the performance of HaWoR, improving the robust-
ness of the reconstructions. Furthermore, we evaluate the
contribution of the motion infiller network and its general-
ization performance on HOT3D [4] datasets. LERP is using
frame linear interpolation, where root translation and shape
are linearly interpolated, and joint rotations are spherically
linear interpolated. We also compare with replicating the
last visible pose. As can be observed from Tab. 4(b), the
proposed motion infiller network can significantly outper-
form naive motion completion methods.

5. Conclusion and Limitations

In this work we present HaWoR, a high-fidelity 3D hand
motion reconstruction method in the world-space. HaWoR
is founded on a powerful camera-frame transformer-based
hand motion reconstruction module and a robust infiller net-
work to estimate and fill the motion-in-between missing
frames. To align the camera-frame hand motions in the
world-coordinate system we propose an adaptive egocentric
SLAM module that facilitates global camera trajectory es-
timation under challenging and occluded egocentric views.
Through extensive experimental results we demonstrate that
HaWoR outperforms previous methods and achieves state-
of-the-art performance under different benchmark datasets.
However, while HaWoR significantly accelerates hand mo-
tion reconstruction compared to previous approaches, the
runtime performance is still far from real-time. In the fu-
ture, we could explore foundational models to directly es-
timate world-space camera trajectories to make a step to-
wards real-time world-frame hand motion estimation.
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