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Figure 1. SHOW3D is the first dataset of in-the-wild hand–object interactions with accurate 3D annotations as well as text descriptions. The
dataset was captured with our novel mobile multi-camera rig in diverse indoor and outdoor scenes, and annotated with 3D shapes and poses
with our multi-view pipeline. Overlays show 3D annotations projected to egocentric images (hands in red and blue, object in green).

Abstract
Accurate 3D understanding of human hands and objects
during manipulation remains a significant challenge for ego-
centric computer vision. Existing hand–object interaction
datasets are predominantly captured in controlled studio
settings, which limits both environmental diversity and the
ability of models trained on such data to generalize to real-
world scenarios. To address this challenge, we introduce a
novel marker-less multi-camera system that allows for nearly
unconstrained mobility in genuinely in-the-wild conditions,
while still having the ability to generate precise 3D annota-
tions of hands and objects. The capture system consists of a
lightweight, back-mounted, multi-camera rig that is synchro-
nized and calibrated with a user-worn VR headset. For 3D
ground-truth annotation of hands and objects, we develop an
ego-exo tracking pipeline and rigorously evaluate its quality.
Finally, we present SHOW3D, the first large-scale dataset
with 3D annotations that show hands interacting with ob-
jects in diverse real-world environments, including outdoor
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settings. Our approach significantly reduces the fundamental
trade-off between environmental realism and accuracy of 3D
annotations, which we validate with experiments on several
downstream tasks. show3d-dataset.github.io

1. Introduction

Accurate 3D tracking of human hands and their interactions
with objects in everyday environments is essential for ego-
centric perception systems. In augmented and virtual reality
(AR/VR), understanding of hands and manipulated objects
enables natural and expressive user interactions without re-
liance on external input devices or constrained input spaces.
In robotics and teleoperation, this ability is critical for advis-
ing and transferring dexterous manipulation skills.

Despite recent advances, existing hand–object perception
models [10, 11, 29, 30, 37, 39] often struggle when deployed
outside controlled and indoor environments. There is there-
fore a pressing need for data collection systems that can
produce realistic, unconstrained, and annotated captures of
hand–object interactions in the wild. However, building such
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Figure 2. Our mobile multi-camera capture rig. Left: Annotated hardware layout showing five MoCap cameras (red), and eight exocentric
monochrome cameras mounted in a half-dome configuration (green), and two egocentric monochrome cameras on the Meta Quest 3 headset
(blue). The MoCap cameras are only used for headset pose tracking, by tracking optical markers rigidly attached to the headset. The ten total
exocentric and egocentric monochrome cameras are used for marker-free annotation of 3D hand and object poses. Right: The rig in use
during in-the-wild capture sessions, demonstrating its lightweight (about eight kilograms) and wearable design that allows natural interaction
while maintaining stable, synchronized multi-view coverage under mostly unconstrained motion.

systems is highly challenging due to a fundamental trade-off.
On one hand, the need for realistic hand/object appearance,
environmental diversity, and user mobility limits the appli-
cation of external sensors, e.g., cameras, IMUs, ToF, and
motion capture systems [1, 15, 33, 36]. On the other hand,
the availability and quality of 3D ground truth are bounded
by sensor fidelity and coverage.

Existing hand–object interaction datasets often fall at one
of two extremes in this trade-off. Recent datasets, including
GigaHands [8], HOT3D [3], and ARCTIC [7], are captured
under controlled conditions, typically within indoor studio
spaces equipped with motion capture systems or stationary
multi-camera arrays. While these setups can offer high 3D
accuracy, they inherently limit environmental diversity and,
in the case of marker-based motion capture, hinder visual
realism by altering natural hand and object appearance with
reflective markers. At the other extreme, datasets with signif-
icant environmental variation, such as Ego-Exo4D [9] and
Nymeria [20], lack dense or accurate 3D ground truth for
hands and objects due to their limited sensor setup.

In this work, we break the trade-off between realism and
ground-truth quality by designing a novel multi-camera cap-
ture system inspired by prior work [10] but optimized for
mobility. Our lightweight backpack-style rig acquires accu-
rate 3D ground truth while enabling users to move freely,
allowing for capture of realistic interactions in diverse en-
vironments, including the outdoors (Figure 1). The system
provides ten fisheye monochrome cameras synchronized at
60Hz, including eight exocentric ones attached on the rig
and two egocentric ones from a user-worn Meta Quest 3
headset (Figure 2). To generate accurate ground-truth 3D

poses of hands and objects, we develop a novel ego-exo
annotation pipeline that leverages all ten camera views. For
hand pose annotation, we use state-of-the-art models for
keypoint detection, and fuse them via robust triangulation
with RANSAC. For object pose annotation, we develop a
multi-view extension of recent DINOv2-based methods for
2D detection [24], pose estimation [28], and refinement [25].
Both components produce their own confidence estimates,
which allow for automated filtering when building training
and evaluation datasets. We assess the quality of both our
hand and object pose annotations via evaluation against inde-
pendent references, demonstrating sub-centimeter accuracy.

We use our novel capture system and annotation pipeline
to collect SHOW3D, a large-scale dataset of hand–object
interactions with dense and accurate 3D annotations, and
the first such dataset that is captured across diverse real-
world environments. Besides images from ten egocentric
and exocentric cameras and 3D pose annotations of hands
and objects, the dataset includes fitted 3D meshes, 2D seg-
mentation masks, contact regions, and text descriptions.

Cross-dataset experiments show that models for 3D hand
pose estimation and hand–object interaction field estima-
tion trained on existing studio datasets generalize poorly to
in-the-wild data, while SHOW3D-trained models maintain
strong performance on studio benchmarks, confirming that
our dataset captures broader environmental diversity. Fur-
thermore, we demonstrate the utility of our text annotations
through object trajectory forecasting experiments, where
text-conditioned models significantly outperform baselines
relying only on past trajectory, highlighting the value of se-
mantic context for understanding hand–object interactions.
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In summary, we make the following contributions:
1. A mobile data capture system: The first capture setup

for recording and automatically generating 3D annota-
tions of in-the-wild hand–object interactions. Our setup
consists of a mobile multi-camera capture rig that enables
the acquisition of accurate ground-truth hand and object
pose annotations from multi-view imagery.

2. Ego-exo 3D ground truth: We build a pipeline to anno-
tate 3D hand and object poses using ego-exo fusion, and
automatically filter the resulting annotations using reli-
able confidence estimates. We also rigorously evaluate
the quality of our 3D ground truth for hands and objects.

3. Large and diverse dataset: Our dataset SHOW3D com-
prises 4.3M frames of synchronized multi-view images
with comprehensive annotations including 3D hand poses
and MANO meshes, 6DoF object poses with 3D models,
and descriptive action-level text captions.

4. Demonstrated dataset utility: Empirical validation via
cross-dataset generalization experiments shows that mod-
els trained on SHOW3D transfer better to other datasets
than vice versa, and text-conditioned forecasting experi-
ments confirm the value of semantic annotations.

2. Related Work
In this section, we review the most recent efforts in col-
lecting large-scale hand–object datasets. In particular, we
emphasize the capture and annotation methodologies for
real data, as opposed to synthetic data [12, 17, 23]: while
synthetic engines could alleviate the scarcity of high-quality
data in certain scenarios, there generally remain significant
challenges in simulating rich, realistic hand–object dynam-
ics and environmental factors, often resulting in sim-to-real
domain gaps that are difficult to overcome.

HOI4D [18] records RGB-D sequences using a Kinect v2
and an Intel RealSense camera mounted on a bicycle helmet
worn by participants in indoor environments. Ground truth
labels for hands and objects are obtained using manual anno-
tation and frame-wise propagation. Despite its pioneering
scale, relying solely on a single egocentric view severely
constrains the fidelity of ground truth, as it is challenging to
resolve occlusions and scale ambiguity.

Marker-based motion capture (MoCap) systems have
been used extensively for ground truth capture purposes.
ARCTIC [7] uses an off-the-shelf solution with 54 infrared
MoCap cameras to track hands and objects by attaching IR-
reflective markers to them. However, the stationary dome-
style setup limits environmental diversity, and the presence
of markers detracts from visual realism and impedes natural
interactions. OakInk2 [38] employs a hybrid capture solu-
tion with 12 MoCap cameras and four RGB cameras (three
exocentric, one egocentric). Similar to ARCTIC, both the
hands and the objects are embedded with markers in order to
generate 3D pose ground truth. TACO [19] uses a setup con-

sisting of 12 static exocentric RGB cameras, one egocentric
GoPro camera, and a MoCap system. While object poses
are still marker-based, hand pose annotations are derived
from a marker-less pipeline, using 2D keypoint detection
and triangulation. A recent dataset, HOT3D [3], works to-
wards realism by utilizing the Meta Quest 3 headset and Aria
research glasses [6]. However, the hands and objects are still
tracked with a MoCap system relying on markers.

On the other hand, marker-less solutions typically rely
on a synchronized multi-camera setup. Assembly101 [32]
and AssemblyHands [26] use 8 RGB cameras synchronized
with a custom-built headset to capture hand–object inter-
actions and annotate 3D hand poses, but lack ground-truth
object pose. HO-Cap [35] uses multi-view RGB-D sensors
to reconstruct 3D hand and object poses, and uses them as
source motion in simulation. More recently, GigaHands [8]
utilizes an array of 51 RGB cameras to build a 2D-to-3D
pipeline for hands and objects. The dataset notably offers a
large number of frames compared to previous datasets, but
the stationary and restricted capture volume still results in
limited environmental and contextual diversity. Furthermore,
GigaHands does not contain egocentric views.

Compared to static studios, mobile data capture systems
are more difficult to build and operate. A notable large-scale
effort is Ego-Exo4D [9], featuring one egocentric view and
four exocentric views. However, since its primary focus is
on capturing full-body actions in real-world scenarios, the
cameras are not optimized for observing hands, and hand
annotations are available only in a sparse subset of frames.
Moreover, Ego-Exo4D does not provide 3D object annota-
tions. Nymeria [20], a similar real-world dataset captured
with Aria research glasses and wearable MoCap suits, also
focuses on full-body motion instead of detailed hand–object
interaction. EgoDex [13] is an egocentric dataset of dexter-
ous manipulations collected using Apple Vision Pro API for
hand pose estimation, but lacks object pose annotations, and
is captured in simple studio-like environments.

Across all these existing efforts, an evident trade-off
emerges: employing extensive multi-sensor capture systems
can yield high-quality annotations, but sacrifices environmen-
tal diversity and visual realism. To the best of our knowledge,
we introduce the first truly mobile multi-camera capture rig
capable of acquiring precise 3D hand–object ground truth
for egocentric perception in genuinely unconstrained envi-
ronments. The closest work to ours is the back-mounted
multi-camera system from MEgATrack [10], but it is not
designed to capture egocentric data.

3. Data Collection and Annotation

3.1. Mobile Capture Rig

We design a portable, self-contained, backpack-style multi-
camera capture rig weighing roughly eight kilograms, which
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(a) Diagram of rig with ego and exo views (b) Hands: Ground truth pose annotation from ego and exo views

(c) Objects: Ground truth pose annotation from ego and exo views

Detections from CNOS 6DoF pose from FoundPose + GoTrack 

2D Keypoints from Sapiens + InterNet 3D Triangulation + Mesh Fitting

(d) Project to ego views

ego views
from

Quest 3

Figure 3. Our ego-exo pipeline for 3D hand and object pose annotation. (a) Multi-view fisheye images from our ego and exo cameras.
(b) We detect 3D hand keypoints by fusing predictions from Sapiens [14] and InterNet [22], and fit personalized hand mesh via Inverse
Kinematics. (c) CAD-based 3D object pose estimation using CNOS [24], FoundPose [28], and GoTrack [25]. (d) The resulting 3D
ground-truth annotations are projected back into ego cameras, and can be used to train egocentric vision models.

we found can be worn by human participants without sig-
nificantly restricting their natural range of motion during
a capture session. Eight monochrome fisheye cameras
(1024× 1280 resolution, 152◦ horizontal and 116◦ vertical
field of view) are rigidly mounted on the rig in a half-dome
configuration to maximize visual coverage. See Figure 2 for
the arrangement of cameras; exact camera placements and
viewing angles were determined through empirical testing.

The participants also wear a Meta Quest 3 headset, and
we record the egocentric images from the two front-facing
monochrome fisheye cameras. To allow for realistic head
movements, we do not fix the headset to the rig. Then, to
track the headset pose relative to the capture rig, we employ
MoCap the same way as in HOT3D [3]: a lightweight marker
tree (rigid body) is placed atop the headset, which is tracked
via the five MoCap cameras on the rig.

All ten monochrome cameras and the MoCap cameras
are hardware-synchronized at 60Hz, and precisely calibrated
into a shared 3D reference frame. Note that the reference
frame moves with the participant, instead of being fixed to
the physical world. Video and MoCap data are streamed to a
high-performance desktop workstation placed on a mobile
cart, which moves together with the participant guided by an
operator, ensuring full mobility.

3.2. 3D Hand Pose Annotation
We design an ego-exo fusion pipeline to obtain 3D hand
poses from all ten fisheye cameras in our system. First, we
apply Sapiens [14], a state-of-the-art human pose estimation
model, to each camera view and obtain body keypoint detec-
tions, including 21 keypoints per hand. We use a version of
Sapiens finetuned on proprietary human keypoint datasets,

including extensive amounts of synthetic data that, in ag-
gregate, can approximate aspects of real-world conditions
encountered during in-the-wild captures.

Given the 2D hand keypoint predictions from Sapiens, we
next triangulate them into the 3D space defined by the cap-
ture rig. However, it is non-trivial to directly triangulate with
fisheye distortion. To simplify the problem, we first perform
perspective cropping [11] around the region of detected hand
keypoints within each camera view, and warp the keypoint
detections to the resulting virtual pinhole cameras.

In addition to the Sapiens keypoints, we detect another
set of 2D hand keypoints from the perspective crops, using a
dedicated hand pose estimation model, InterNet [22], which
we also finetuned on additional studio and synthetic datasets.
The reasoning is that detecting hand keypoints on cropped
images is a simpler problem and can have higher accuracy,
whereas directly detecting them from the full image can be
suboptimal due to insufficient feature resolution for hands in
the Sapiens model. We fuse the two sets of 2D hand keypoint
detections by performing RANSAC-based triangulation with
both sets. We find that including hand crops from the egocen-
tric cameras often helps performance, as they capture hands
from angles that are distinct from the exocentric views.

Next, the triangulated 3D hand keypoints are used to fit
detailed hand meshes. We use a solution compatible with
UmeTrack [11] and HOT3D [3], where a personalized linear
blend skinning model of the hand is first derived from a high-
resolution hand scan system; this personalization ensures
high-quality ground truth meshes suitable for fine-grained
tasks, such as contact estimation. Then, the personalized
model is fit to the 3D keypoints via Inverse Kinematics, to
obtain a temporally smooth sequence of hand poses. Finally,
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Dataset Ego / Exo Frames Hand Pose Object Pose Objects Subjects Environment Annotation

SHOW3D (ours) 2 / 8 4.3M Both / Mesh ✓ 21 38 In-the-wild Monochrome + optimization
GigaHands [8] 0 / 51 3.7M Both / Mesh ✓ 417 51 Studio RGB + optimization
ARCTIC [7] 1 / 8 2.1M Both / Mesh ✓ 11 10 Studio MoCap
HOT3D [3] 3 / 0 1.7M Both / Mesh ✓ 33 19 Studio MoCap
TACO [19] 1 / 12 363K Both / Mesh ✓ 196 14 Studio MoCap
OakInk2 [38] 1 / 3 993K Both / Mesh ✓ 75 9 Studio MoCap
HOI4D [18] 2 / 0 2.4M Both / Mesh ✓ 800 4 Studio RGB-D + manual
HO-Cap [35] 1 / 9 699K Both / Mesh ✓ 64 9 Studio RGB-D + optimization
HOGraspNet [4] 0 / 4 1.5M Single / Mesh ✓ 30 99 Studio RGB-D + optimization

Ego-Exo4D [9] 2 / 4 >100M Both / Skel. ✗ Many 740 In-the-wild RGB + manual
AssemblyHands [26] 4 / 8 203K Both / Skel. ✗ Many 20 Studio RGB + manual
EgoDex [13] 1 / 0 90M Both / Skel. ✗ Many – Studio-like Apple Vision Pro API

Table 1. Comparison of SHOW3D against recent hand–object interaction datasets.

we estimate hand confidence using a Bayesian formulation
comprising two terms: one based on the errors in keypoint
detection and triangulation, and the other based on the resid-
ual error in Inverse Kinematics.

3.3. 3D Object Pose Annotation
To generate accurate 6DoF object pose annotations, we
develop a CAD-based pipeline consisting of three stages:
(1) 2D object detection by CNOS [24], (2) coarse 6DoF ob-
ject pose estimation by FoundPose [28], and (3) 6DoF object
pose refinement by the GoTrack refiner [25].

We started with open-source implementations of these
methods and extended them to support multi-view input
images, which was motivated by the accuracy gains achieved
with a multi-view extension of FoundPose presented in [3].
The 2D object detector is run on all available views, and
the detection with the highest confidence in each view is
assumed to correspond to the target object (at most one
instance of each object class is assumed present in the scene).
The support of calibrated multi-view images in FoundPose
and GoTrack is realized by replacing standard PnP with
multi-view gPnP from PoseLib [16]. Besides boosting the
pose accuracy, we observed that the multi-view input makes
final confidence scores produced by the GoTrack refiner
more reliable, which is an important property for filtering
the generated pose annotations.

The first two stages are executed only in the first frame
of a sequence or if the confidence score of the pose estimate
from the previous frame is below a threshold. If the confi-
dence score is sufficiently high, we execute only the pose
refiner, using the previous pose estimate as the initial pose.
This increases efficiency and also robustness in cases where
object occlusion is gradually increasing.

All three stages are based on DINOv2 features [27]
that allow for effective generalization to various image and
camera types. In addition, none of the stages require any
object-specific training, thanks to which the pipeline can be
promptly applied to any object with an available CAD model.

We use a subset of the objects from HOT3D [3] for which
high-quality CAD models are available.

3.4. Instructions-to-Text Captions
Inspired by GigaHands [8], each recording session in our
dataset is guided by a structured, goal-oriented protocol
designed to elicit diverse, natural hand–object interactions
from participants. Participants are instructed to perform
common object manipulations, such as “spraying with a
bottle”, “sipping from a mug”, or “cleaning a keyboard”.
Our instructions are intentionally broad and goal-oriented,
promoting natural diversity and spontaneity.

To create rich natural language annotations from these
instructions, we employ an LLM-based [2] augmentation
pipeline that generates multiple semantically diverse para-
phrases for each interaction. This process yields a varied
collection of text captions for every captured clip, providing
valuable paired natural language descriptions that enhance
the dataset’s utility for language-conditioned models and
multimodal training.

4. The SHOW3D Dataset
Using our mobile capture system, we collect SHOW3D, a
large-scale dataset comprising over 4 million frames cap-
tured from 30 subjects performing natural manipulations
with 21 everyday objects. Each frame is simultaneously
captured by all ten synchronized cameras, providing compre-
hensive multi-view coverage. The dataset spans genuinely
diverse environments, including a wide range of indoor
and outdoor settings that are largely absent from existing
hand–object interaction datasets.

Indoor and outdoor scenes. Our outdoor captures include
garden areas with natural vegetation, outdoor seating areas
with furniture and architectural elements, and even record-
ings from building ledges where the background is predom-
inantly sky. These outdoor environments exhibit naturally
varying illumination conditions due to weather changes,
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ranging from bright sunny days to overcast skies, along
with dynamic shadows cast by overhead structures, trees,
and varying sun angles. Indoor captures encompass kitchens,
meeting rooms, hallways, cafeterias, desk areas, and recre-
ational spaces with games and equipment. Indoor settings
feature substantial illumination variability due to different
artificial lighting configurations—from dim ambient lighting
to bright overhead fluorescents—as well as shadow patterns
from furniture and architectural features. This environmental
and lighting diversity presents challenges rarely seen in stu-
dio datasets, where controlled conditions typically maintain
consistent illumination and backgrounds.

Annotations. Our annotation pipeline produces rich ground-
truth information: 3D hand poses for both hands (21 key-
points per hand with fitted personalized meshes), 6DoF ob-
ject poses with texture-mapped 3D CAD models, 2D seg-
mentation masks following [31], and hand–object contact
annotations following [34]. Multiple natural language cap-
tions generated through our LLM-based [2] augmentation
pipeline accompany each interaction sequence, offering se-
mantic descriptions at varied levels of specificity.

Annotation quality. SHOW3D is the first hand–object in-
teraction dataset to quantitatively evaluate both its 3D hand
pose and 6DoF object pose annotations against independent
references. To assess the accuracy of our GT hand pose anno-
tations, we compare the 3D hand keypoints from our system
against gold-standard annotations obtained from two sources:
automatic annotation from a large multi-camera studio, and
manual annotation on data captured in-the-wild. Across all
conditions, our 3D keypoints achieve sub-centimeter median
accuracy, approaching that of larger multi-camera systems.
To assess the accuracy of our GT object pose annotations,
we attach optical markers to a set of selected objects and
track them using a MoCap system while they are being
manipulated by hands. We evaluate our GT object poses
against these gold-standard MoCap object poses and find sub-
centimeter P50 translation error across all objects, validating
the quality of our annotations. We present full experimental
results in the supplementary material.

Diversity. As illustrated in Figure 4, SHOW3D occupies
a broad manifold in the feature space of hand–object inter-
actions extracted from a pretrained backbone, bridging the
compact clusters formed by studio datasets such as HOT3D,
GigaHands, and ARCTIC. Frames that appear near these
clusters visually correspond to similar conditions (e.g., one
SHOW3D scene near the HOT3D cluster was captured in
a comparable indoor lab setting, while another near the Gi-
gaHands cluster features trusses resembling those that host
cameras in GigaHands). This shows that SHOW3D spans
both in-the-wild and controlled domains, reflecting genuine
environmental overlap while maintaining broader coverage.

Figure 4. Cross-dataset feature embedding. We plot UMAP [21]
embeddings of DINOv2 [27] features extracted from the raw im-
ages across different hand–object interaction datasets. SHOW3D
(pink) spans diverse visual domains between datasets collected
in controlled environments: GigaHands (blue), HOT3D (green),
ARCTIC (yellow). Best viewed in color.

Comparison with existing datasets. Table 1 positions
SHOW3D relative to existing datasets. While studio-based
datasets achieve high annotation quality through controlled
setups, they sacrifice environmental realism and diversity.
Conversely, large-scale in-the-wild datasets like Ego-Exo4D
capture authentic interactions but provide only sparse or man-
ual 3D annotations without object pose. SHOW3D uniquely
combines both: our mobile rig and RGB-based optimiza-
tion pipeline enable dense, accurate 3D annotations of hands
and objects across truly unconstrained real-world conditions,
filling a critical gap in the hand–object interaction literature.

5. Experiments
5.1. Hand–Object Interaction Field Estimation
Existing contact detection methods primarily focus on binary
contact estimation, determining whether hands and objects
are in contact. However, in dexterous bimanual interactions,
hands are often near objects without making contact. To cap-
ture richer spatial relationships, we adopt the interaction field
estimation task introduced in [7] that models the continuous
spatial proximity between hands and objects throughout the
course of an interaction.

Problem formulation. For each vertex of each hand we
aim to infer the closest distance to the object and vice versa.
Specifically, an interaction field Fa→b ∈ RVa is defined as

Train set Test set ADE (mm) ↓ ACC (m/s2) ↓
SHOW3D HOT3D 14.70 4.05
HOT3D HOT3D 11.29 3.21

HOT3D + SHOW3D HOT3D 8.80 2.16

HOT3D SHOW3D 22.57 5.61
SHOW3D SHOW3D 13.82 3.79

SHOW3D + HOT3D SHOW3D 13.50 3.84

Table 2. Evaluation of interaction field estimation.

7116



Frames
ahead ari

a
bo

wl
ca

ns
ou

p

din
oto

y

du
mbb

ell

jui
ce

ke
yb

oa
rd

milk mou
se

mug mus
tar

d

va
se

waffl
es

Mean

30 w/o text 58.5 43.1 28.3 45.7 89.7 30.3 51.0 31.9 26.6 32.6 57.5 24.2 36.1 42.7
w/ text 49.0 37.5 25.0 34.0 73.8 19.3 37.3 19.5 14.5 21.6 16.3 20.3 27.0 30.4

60 w/o text 63.6 40.5 29.0 46.4 95.9 33.1 66.5 22.6 27.5 37.4 77.7 27.3 39.9 46.7
w/ text 57.0 32.7 28.4 37.5 89.0 21.1 34.6 25.2 24.7 24.4 19.0 26.3 35.1 35.0

Table 3. Evaluation of text-driven 6DoF object pose forecasting. Reported are per-object and mean average translation errors (mm, ↓),
with and without text conditioning. Conditioning on text leads to a consistent improvement across objects.

the distance to the closest vertex on mesh Mb for all vertices
in mesh Ma. Va denotes the number of vertices in mesh
Ma (the reverse interaction field would be ∈ RVb). We can
formulate this problem mathematically, as follows:

Fa→b
i = min

1≤j≤Vb

∥∥va
i − vb

j

∥∥
2
, 1 ≤ i ≤ Va, (1)

where v
(·)
k ∈ R3 represents the k-th vertex of mesh M(·).

Our task is to estimate the interaction fields Fl→o, Fr→o,
Fo→l, and Fo→r for each frame, where l, r, and o denote
the left hand, right hand, and object meshes, respectively.

Experimental setup. We train the InterField [7] model and
evaluate cross-dataset generalization between SHOW3D and
HOT3D. We report two metrics: Average Distance Error
(ADE) in millimeters, which measures the mean absolute
error in predicted distances, and Acceleration (ACC) in m/s2,
which captures temporal smoothness of predictions.

Results. Table 2 presents cross-dataset evaluation results.
When testing on HOT3D, training on SHOW3D alone
achieves 14.70 mm ADE compared to 22.57 mm (+54%)
when training on HOT3D and testing on SHOW3D. This
asymmetry demonstrates that models trained on SHOW3D
generalize better to studio environments than vice versa,
indicating that our in-the-wild data captures a broader distri-
bution of interaction patterns and environmental conditions.

Furthermore, when using both datasets for training, we
observe substantial improvements on HOT3D (8.80 vs.
11.29 mm, a 22% improvement) but minimal gains for
SHOW3D evaluation (13.50 vs. 13.82 mm, only 2% im-
provement). This reveals that the domain of SHOW3D sub-
stantially encompasses the more constrained studio setting of
HOT3D, while HOT3D provides limited additional coverage
beyond what SHOW3D already captures. These results con-
firm that the environmental diversity in SHOW3D directly
translates into improved model generalization, validating the
value of in-the-wild hand–object interaction data.

5.2. Text-driven 6DoF Object Pose Forecasting
To validate the utility of our semantic text annotations, we
evaluate whether natural language descriptions of hand-
object interactions provide valuable context for predicting

future object poses. Given a sequence of observed object
poses and an optional text caption describing the interaction,
the task is to forecast the 6DoF object pose at a future time
step. Natural language captures high-level interaction in-
tent, such as “pouring from a bottle” versus “placing a bottle
down”, which helps disambiguate similar pose trajectories
that lead to different future outcomes.

Experimental setup. We implement a transformer-based
forecasting model that takes as input a sequence of past ob-
ject poses, where each pose is represented as a 7-dimensional
vector (3D position and quaternion for 3D rotation). The
pose sequence is embedded and augmented with sinusoidal
positional encodings before being processed by a multi-layer
transformer encoder. For text conditioning, we encode cap-
tions using BERT [5] and project the text features into the
same latent space as the pose embeddings. Text and pose
features are concatenated and processed jointly by the trans-
former. The model predicts future object pose using separate
heads for position (3D translation) and rotation (normalized
quaternion). We train models both with and without text
conditioning, using sequences of 30 past poses to predict
the pose 30 or 60 frames into the future. We evaluate on
sequences from our test set and report average translation
error in millimeters across 13 objects.

Results. Table 3 presents per-object and mean translation
errors for both forecasting horizons. At 30 frames ahead,
text conditioning reduces mean error from 42.7 to 30.4mm,
a 29% improvement. This gain is consistent across nearly
all objects, with particularly large improvements for objects
like mug (34%) and mustard (72%). At the longer 60-frame
horizon, text conditioning maintains its advantage, reducing
mean error from 46.7 to 35.0mm (25%).

These results demonstrate that semantic descriptions
provide meaningful contextual information that comple-
ments purely kinematic patterns. The consistent improve-
ments across objects and time horizons validate the value
of our text annotation pipeline and highlight the potential
of language-conditioned models for understanding and pre-
dicting hand–object interactions. Ultimately, SHOW3D’s
multimodal annotations enable richer downstream applica-
tions beyond purely visual perception.
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# Training set Test set MKPE (mm) ↓
1 UmeTrack SHOW3D 22.2 (+55%)
2 HOT3D SHOW3D 19.6 (+37%)
3 UmeTrack + HOT3D SHOW3D 16.4 (+15%)
4 SHOW3D SHOW3D 15.5 (+8%)
5 UmeTrack + HOT3D + SHOW3D SHOW3D 14.3

6 HOT3D HOT3D 14.0 (+14%)
7 UmeTrack + HOT3D HOT3D 12.7 (+3%)
8 UmeTrack + HOT3D + SHOW3D HOT3D 12.3

9 UmeTrack UmeTrack 9.7 (+2%)
10 UmeTrack + HOT3D UmeTrack 9.5
11 UmeTrack + HOT3D + SHOW3D UmeTrack 9.6 (+1%)

Table 4. Evaluation of 3D hand pose estimation. The reported
metric is Mean Keypoint Position Error (MKPE, in mm). Models
trained on existing datasets, UmeTrack [11] and HOT3D [3], gen-
eralize noticeably worse to SHOW3D, highlighting the increased
difficulty of in-the-wild data.

5.3. 3D Hand Pose Estimation

Experimental setup. We evaluate the utility of our dataset
as a benchmark for 3D hand pose estimation. We sample
four subjects (with gender balance) from SHOW3D to build
a balanced evaluation set, and apply a threshold on the esti-
mated hand pose confidence described in Sec. 3.2 to the en-
tire dataset to filter valid frames for training and evaluation.
We benchmark generalization by training the multi-view
UmeTrack hand tracking model [11] on SHOW3D, as well
as evaluating cross-dataset generalization on the existing
UmeTrack and HOT3D datasets.

Since we rely on marker-less ground truth generation
in genuinely challenging in-the-wild conditions, the yield
rate of training frames (i.e. frames with valid hand pose
annotation) in SHOW3D—using automated filtering—is nat-
urally less than perfect. Overall, SHOW3D retains 1.9M
high-confidence training frames for hand pose estimation.
Notably, this is greater than either UmeTrack or HOT3D,
both of which have fewer than 1.4M training frames.

Results. As shown in Table 4, models trained on UmeTrack
or HOT3D can achieve reasonable performance when tested
within their respective domains (rows 6 and 9), but regress
substantially when evaluated on SHOW3D (rows 1 and 2). A
model trained on SHOW3D (row 4) achieves a significantly
lower error on SHOW3D than a model trained on UmeTrack,
HOT3D, or their combination (rows 1, 2, and 3). We also
observe that combining SHOW3D with the other datasets
is consistently beneficial. The model trained on the combi-
nation of UmeTrack, HOT3D, and SHOW3D outperforms
other models when evaluated on SHOW3D and HOT3D
(rows 5 and 8), and is a close second on UmeTrack (row 10),
which was captured in a very restricted environment.

Figure 5 shows qualitative examples on the SHOW3D
test set. First, due to the lack of object interactions in the

Figure 5. Hand pose estimation on the SHOW3D test set. From
left to right: results from models trained on UmeTrack + HOT3D +
SHOW3D, HOT3D, and UmeTrack, respectively. Including train-
ing data from SHOW3D significantly improves robustness against
object occlusion and background clutter.

UmeTrack training set, the UmeTrack-trained model strug-
gles in the face of even minor occlusions from objects. We
observe that the HOT3D-trained model handles occlusions
better, but still achieves suboptimal performance, especially
in environments with novel background/lighting. Finally,
the model trained with SHOW3D data shows significantly
improved robustness to object interaction and background
clutter. Once again, these results highlight the unique value
of real in-the-wild data with 3D ground truth, which offers
robustness benefits not captured by prior datasets collected
in more controlled environments (indoor studios).

6. Conclusion

We present SHOW3D, the first in-the-wild dataset with 3D
ground truth for egocentric perception of hand–object inter-
action. To capture real-world diversity, SHOW3D features
over 1,200 video sequences collected across more than 30
distinct locations. SHOW3D is captured with a lightweight
multi-camera rig optimized for high mobility, and annotated
by an automated ego-exo pipeline that produces accurate 3D
hand and object poses. It is demonstrated on three down-
stream tasks that SHOW3D enables learning robust and gen-
eralizable models, proving its value over existing datasets
that are predominantly captured in restricted environments.

While this work has focused on the visual understand-
ing of hand–object interaction, future work will explore the
integration of additional modalities, such as tactile sensing
and range. Furthermore, we are interested in expanding the
downstream use cases of our data collection capabilities in
embodied applications, such as teleoperation for robotics.
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