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Abstract. Estimating accurate 3D hand-object pose from in-the-wild
egocentric RGB remains challenging due to severe occlusions and am-
biguous contact. Existing learning-based methods often struggle to gen-
eralise to in-the-wild scenes and are limited by the scarcity of super-
vision. We address these issues with two contributions. First, we in-
troduce EPIC-Contact, an in-the-wild egocentric dataset of 2.3K clips
(62.3K frames) with dense, bijective 3D hand—object contact correspon-
dences and posed meshes. Second, we propose HOPformer, an end-to-
end transformer that jointly predicts bi-manual hand and object pose
in a single forward pass. A cross-attention decoder conditions object
features on hand priors, producing robust pose estimation. We test
HOPformer on the in-lab 3D dataset, ARCTIC, as well as our newly
introduced EPIC-Contact dataset. HOPformer reaches 82.4% success
rate on ARCTIC (+6.2 pts over current SOTA). On EPIC-Contact,
it nearly doubles the success rate while reducing contact deviation by
75%. EPIC-Contact, HOPformer code and checkpoints are released:
https://sid2697.github.io/epic-contact.

1 Introduction

We routinely use our two hands to interact with the physical world. Everyday
activities like washing dishes at the sink, grasping a bottle, or moving cookware
on the stove require precise coordination between hands and objects, highlight-
ing the remarkable dexterity and adaptability of the human hand. Modelling
such interactions is essential for human-centric applications such as AR/VR,
robotics, human-computer interaction/collaboration, and assistive technologies.
Yet most existing work relies on controlled, scripted settings that fail to capture
the complexity of real-world use [1,6,16,25,47]. In this work, we aim to recover
the pose of both the hands and the object in 3D from a single forward pass,
including from images sourced from unscripted egocentric videos (Fig. 1).

The task is inherently challenging due to the wide diversity of objects and
hand poses commonly present in hand-object interaction scenarios. The difficulty
is further compounded by strong mutual occlusions and ambiguous contact re-
gions. Existing methods focus on controlled (in-lab) settings [2,8, 16, 35,41, 60]
and as shown in Fig. 1 (Right), often struggle in the wild [6,25,47].
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Fig.1: (Left) We introduce EPIC-Contact, an in-the-wild egocentric dataset for 3D
hand-object pose estimation. Unlike typical in-lab MoCap datasets that require spe-
cialised equipment and capture limited backgrounds/object instances, EPIC-Contact
provides diverse, cluttered real-world interactions with posed 3D hand—object meshes
derived from dense, bijective contact annotations. (Right) Existing learning-based ap-
proaches do not leverage strong hand priors and hence do not generalise to in-the-wild
scenarios. In contrast, our proposed HOPformer network enriches object features with
hand priors to achieve superior performance on in-the-wild data.

A central bottleneck is the availability of supervision. Training (or evaluating)
on in-the-wild interactions requires images paired with ground-truth 3D poses of
both the hands and the object. As highlighted in Fig. 1 (Left), such 3D ground-
truth has, to date, been acquired using expensive motion capture (MoCap) 2,16,
35,41,55,60], which requires careful calibration, making it unsuitable for wider
adoption. Such data typically has limited, minimalist uncluttered backgrounds
that do not reflect the complexity of real-world egocentric scenes [2,16,35,41].

To move beyond these limitations, we propose a novel approach to obtain
3D annotations for hand-object interaction in images, thus enabling scalable su-
pervision. Specifically, we introduce EPIC-Contact, a dataset of 2.3K egocentric
video clips, capturing hand-object grasps with 9 object categories, which we an-
notate with contact vertices and paired 3D hand-object meshes (Fig. 1, Left).
EPIC-Contact captures diverse backgrounds and cluttered environments, where
objects may be small or transparent, heavily occluded, in challenging natural
interactions. Our key idea is to annotate bijective 3D contact on both the hands
and the object, in line with prior work on full-body contact [12,57]. Once we
have bijective contact points, we use an optimisation pipeline to translate these
annotations into posed 3D hand-object meshes. With this approach, we obtain
62.3K annotated frames, a one-of-a-kind dataset for training and evaluation.

While learning-based 3D hand pose estimation has progressed rapidly
[3, 33, 34, 4850, 53], performing well in diverse and challenging scenarios, the
same cannot be said of joint hand-object pose estimation methods [1, 16]. Such
methods fail to model the interactions between hand and object poses, impacting
their performance as shown in Fig. 1 (Right).

Our intuition is to leverage robust data-driven 3D hand reconstruction meth-
ods [48,49] to guide joint 3D hand and object pose estimation. We propose HOP-
former, an end-to-end learning framework for joint 3D bi-manual hand-object
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pose estimation from an RGB image in a single pass (Fig. 1, Right). Specifi-

cally, we design a cross-attention framework that injects structural hand priors

into object features, creating a powerful set of interaction features. HOPformer
generalises well across both in-lab [16] and in-the-wild images, and achieves

state-of-the-art results. Together, EPIC-Contact and HOPformer represent a

step towards scalable, robust 3D hand-object pose estimation. To summarise,

our contributions are:

1. We annotate 3D hand-object contact points on 2.3K video clips from the
EPIC-Kitchens [13, 74] dataset and propose EPIC-Contact. This enables
training and evaluation of hand-object pose estimation methods on challeng-
ing in-the-wild images.

2. We propose a learning-based transformer model, Hand-Object Pose
transformer (HOPformer), that leverages pre-trained hand priors to regress
the pose of the two hands and the object in a single forward pass.

3. HOPformer achieves state-of-the-art results on ARCTIC [16] and EPIC-
Contact, outperforming prior work on most metrics by large margins.

2 Related Works

Hand-Object Pose Estimation: Jointly estimating the 3D pose of hands and
objects has gained significant interest in past years [1,8,16,19,24,25,29,35,56,61].
Methods assume the object template is known - whether rigid [1, 19, 24, 25,
61, 74] or articulated [16]. While a majority of the proposed approaches are
optimisation-based [6,19,25,47,61,74], a few are learning-based [1,16,24,56]. The
closest works to HOPformer are ArcticNet-SF [16] and JointTransformer [1], to
which we compare. Similar to HOPformer, both methods use an encoder-decoder
architecture and regress both the hand and object poses. While ArcticNet-SF [16]
uses a ResNet-50 [26] backbone, Joint Transformer replaces it by DINOv2 [46] to
achieve superior results. Different from both, HOPformer leverages hand priors
to enrich features and improve results.

Another set of works explore CAD-free object reconstruction [10, 15,21, 27,
50, 58,59, 65-67]. While promising generalisation results are reported, we find
that, in practice, the results are not satisfactory; see the Sup. Mat. for qualitative
comparison with [9,15,65,67]. Tackling learning-based pose estimation for CAD-
free models remains a future direction.

Hand Pose Estimation: Hand pose estimation has been a topic of exploration
for decades [5, 18,20, 28, 35, 37, 38, 40, 44, 45, 51, 54]. Recently, with large 3D
hand pose datasets [2,8,16,30,43,75] and better architectures [39,48,49,64,70],
HaMeR [48] and WiLoR [49] scale up model size and training data to achieve
robust hand pose estimation on diverse scenes. However, unlike HOPformer,
these methods only target hand pose estimation. Our key insight is to leverage
these strong hand priors for joint hand and object pose estimation.

Hand-Object Contact Annotations: Most datasets for hand-object recon-
struction are collected in controlled in-lab settings [2, 4, 8, 16, 17, 41, 60, 68].
MOW [6] is the only in-the-wild dataset providing paired hand-object meshes.



4 S. Bansal et al.

Input to Hand Contact Contact on Object EC-fit: Posed Hand-
the annotators (Sec 3.1) (Sec 3.2) object Mesh (Sec 3.3)

Region-wise Contact Axis

i
Wi,

Painted Hand
Annotator Agreement Annotator Agreement

Vertices r ‘
3D MANO Hand & ~1 =061 & . =062

Fig. 2: EPIC-Contact annotation process. Given a hand—object interaction clip,
annotators (i) paint contact vertices on a subdivided MANO hand mesh (Sec. 3.1); (ii)
parametrise each contact region with a 2-DoF contact axis (blue sphere/red line) and
transfer it to the object surface with two clicks per axis, yielding bijective hand—object
correspondences (Sec. 3.2); and (iii) fit posed hand and object meshes with EC-fit
(Sec. 3.3). The EC-fit column visualises the fitted meshes and the one-to-one vertex
correspondences. We perform quantitative quality checks on annotations for each stage.

However, the ground-truth object poses in MOW are only coarsely verified, while
the fine-grained contacts between the hand and the object are ignored. Body pose
estimation works, on the other hand, have explored various ways to obtain con-
tact annotations for in-the-wild images. For example, DECO [57] uses a “vertex
painting” approach to label contact regions on the body. PICO [12] extends this
by transferring the contact regions to objects. Motivated by this framework, we
propose a pipeline to annotate hand and object contact in egocentric images.

3 EPIC-Contact Dataset

Training and evaluation for hand-object reconstruction require images paired
with 3D hand and object pose labels. We collect new annotations that provide 3D
posed hand-object meshes for in-the-wild egocentric images, which we refer to as
the EPIC-Contact dataset. Importantly, our pipeline includes a novel approach
to manually and efficiently collect bijective 3D contact correspondences. We then
exploit these in an optimisation framework to estimate both hand and object
poses. We describe our annotation pipeline and dataset statistics in this section.

3.1 Annotating Hand Contact Regions

We use videos from the EPIC-Grasps dataset [74] as it has challenging and di-
verse hand-object interactions and is paired with 3D meshes for 9 object classes.
Importantly, the dataset is manually labelled with stable grasp temporal seg-
ments, where the hand maintains a steady contact with the object. This allows
annotating a single frame then applying the same contact across the video.
First step is to annotate regions of the hand that are in contact with the
object. Following previous work [57,62,63], we label contact regions on 3D meshes
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using “vertex painting” tools. We annotate the hand mesh because its consistent
topology (MANO [52]) simplifies the annotation task and provides a canonical
representation, unlike annotating objects with varied and irregular geometries.

We create an interface (see Sup. Mat.) where we show the video of a hand
in contact with the object and 3D MANO mesh [52]. Unlike prior work that
relies on a single image as input [57], a video clip provides richer context for
annotators, particularly as the clip allows multiple views of the contact to be
observed during a consistent grasp. We ask the annotators to “paint” contact
labels on Ny = 3106 vertices of the MANO template mesh, H € R3196%3_ Note
that we uniformly subdivide the standard 778-vertex MANO mesh to Ny = 3106
vertices, allowing us to capture fine-grained contact regions with high precision.
In case of both hands being in contact, we annotate one hand at a time, specifying
the hand side for each annotation. Furthermore, the annotators are instructed
to infer and label all contact regions, including those occluded in the egocentric
view, using the video context and grasp motion. As shown in Fig. 2, for the
bottle in the right hand, vertices are painted on the hand in black.

We validate the accuracy of our annotations using inter-annotator agreement.
We calculate the Fleiss’ Kappa score (k) as used in DECO [57]. As shown
in Fig. 2, we report x;, = 0.61 across 10 videos annotated by 12 annotators
(compared to 0.65 in [57]). Additional details on calculation of xp and a figure
showing the highest and lowest kj examples is in the Sup. Mat.

3.2 Contact Regions on Objects

Bijective Contact Transfer: Once we have the contact vertices on the hand,
the next step is to get corresponding contact vertices on the object. We need a
bijective mapping between these object vertices and the hand’s contact vertices
for obtaining posed hand-object meshes through optimisation.

We follow ContactEdit [36] and represent the contact regions from Sec. 3.1
with a contact “axis”. This allows us to parametrise each region with a 2-DoF
axis, which reduces the problem of mapping the contact region onto the object’s
surface to transferring this axis with two clicks: the start of the contact axis
and its direction. Using this axis, we can transfer the contact region to the
object while preserving the correspondence. This pipeline is implemented in an
interactive web-based tool.

A key challenge is to identify which contact regions on the hand to
parametrise for transfer. Treating each hand vertex independently is extremely
tedious and expensive. At the other extreme, using a single contact axis for the
entire hand is unintuitive and prone to annotation mistakes. To balance speed,
convenience and accuracy, we divide the hand into three regions: the thumb, the
four fingers, and the palm (see Fig. 2). We estimate the spacing between fingers
using the pose parameters from WiLoR [49]. Therefore, for each clip, we have
up to three contact axes (depending on contact regions) to transfer, i.e., with at
most six clicks, we get the full 3D hand-object contact correspondences. Further
details on the interface are in the Sup. Mat.
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Scaling the Objects: The object meshes from [74] have a standard scale.
However, for transferring the contact region correctly, the scale of the mesh
should match that of the object in the image. We utilise a VLM (Gemini 2.5 [11])
to estimate the scale using a class-specific prompt. We prompt the VLM to
estimate multiple degrees-of-scale for non-uniform scaling, rather than a single
isotropic scale factor. For example, for a “pan”, we query for both its diameter
and its handle length. This allows us to scale the various parts of the template
object mesh to more accurately match the instance in the video.

To verify these scale predictions, we sample 30 objects covering all 9 classes
and manually compare these to ground truth object sizes. We identify objects of
a known brand (e.g. a specific bottle of oil) and measure the dimensions of the
same physical object. This allows us to evaluate the VLM scale estimates against
ground truth dimensions, achieving 0.94 cm MAE (5.9% relative error) with
82.5% of samples falling within +10% of the true dimensions. Additional details
on prompts used, degrees-of-scale, and verification analysis are in Sup. Mat.

Validating the object contact annotations: We compute the inter-
annotator agreement (k,) as 0.62 on 10 videos annotated by 4 annotators. This
confirms that the annotators consistently map hand regions to object surfaces
and are able to understand contact despite monocular ambiguities. Note that
k for bijective correspondences on object is not reported in [12,57] for direct
comparison. Additional details along with visualisation are in Sup. Mat.

3.3 EC-fit Pipeline: From Contact to Posed Hand-Object Meshes

Finally, we build EPIC-Contact Fitting (EC-fit), an optimisation-based pipeline
to derive the posed 3D hand-object interaction meshes from contact annotations.
EC-fit aligns the mesh geometry with contact constraints and robustly models
the interactions captured in the video space.

Pose Initialisation: We initialise the 3D hand pose by applying WiLoR [49]
to the central frame I of the clip, yielding a MANO mesh H with pose ©.
For initialising the object pose, we diverge from previous works [12,22] that
utilise standard single-pose initialisation, and find it necessary to use multiple
initialisations, including random poses and category-aware pose priors from [73].

Contact-based Alignment: Firstly, we leverage the contact information to
guide the object pose alignment with the hand. This is formulated as an opti-
misation problem. Given the set of bijective vertex pairs C := {(h;,0;)} where
h; € H and o; € O are the hand and object vertices in contact, we optimise the
object rotation 7, € R and translation ¢, € R® by minimising the contact loss:
Econ = |T(1j| Z‘lgl ||h7 - 0i||2'

Image-guided Refinement: We use the central frame of the clip (I) and an
occlusion-aware mask loss to refine the hand and object poses. Traditional
approaches [12, 23] render the predicted object mesh to a 2D mask M,, and
directly align it with the object mask M, [14] in the image frame. However,
masks are incomplete when objects are occluded, which is common in our dataset
(e.g. plates with food). To this end, we identify an occlusion mask M., that
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includes both hand-object occlusions and inter-object occlusions. Our occlusion-
aware mask loss only aligns object regions that are not occluded by excluding
Moee: LS, =1 — IOU([MO \ Mocel, [Mo \ Moee]). Moreover, to enforce physical
realism, a penetration loss £, is added to prevent hand-object interpenetration.

Next, we update the hand pose, minimising a hand mask loss £”, using the
rendered hand mask M), and update the MANO pose ©. A regularisation loss
Lreg = ||© — O]l prevents the refined pose from deviating significantly from
the initial pose prediction. We also retain the penetration loss £, and contact
loss L¢on- We manually verify the posed meshes, and correct errors identified by
human annotators manually. Details of the manual correction are in Sup. Mat.

Clip-level annotations: So far, we operate at the frame level. EPIC-Grasps [74]
provides clips with a stable grasp and EC-fit yields the object pose relative to
the hand in the central frame of the stable grasp, this allows us to automatically
broadcast the relative object-to-hand pose across the clip. We obtain the clip-
level object-to-camera poses leveraging hand poses from [49]. In case of temporal
jitter, frames are labelled with lower confidence.

To summarise, EPIC-Contact consists of egocentric interactions with bijec-
tive hand-object contact correspondences and posed 3D hand-object meshes,
collected via hand contact painting, contact transfer, and EC-fit with quality
checks. Figure 3 shows the number of samples per object class, heatmaps of
aggregate contact on hand and object, showing diversity of grasps as well as a
sample of posed hand and object meshes. In the following sections we describe
how we leverage these annotations for training and evaluation.

4 HOPformer: Hand-Object Pose transformer

In this section, we describe HOPformer, a learning-based network for estimating
hand and object poses. Figure 4 provides an overview. HOPformer can be trained
using either 3D ground truth or posed hand-object meshes obtained from in-the-
wild datasets (Sec. 3).
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Fig.4: Overview of HOPformer for learning-based hand-object pose esti-
mation. Given an image with hand-object interaction, HOPformer conditions object
features on features from hand pose encoder using an L-layer transformer decoder (Dp).
The learned features after the aggregation module A are used to estimate the pose of
both hands and interacting object, through dedicated output heads. The object head
estimates rotation and translation relative to a canonical object pose. Furthermore, we
predict the object’s class ¢ and retrieve the object mesh O, from a model pool M. The
estimated pose is applied to the retrieved object mesh.

4.1 Overview and Notations

Problem Formulation: Given an image containing one object out of a set of
known categories, being manipulated by one or both hands or visible without
active manipulation (e.g., resting on a surface), we estimate the pose of each
visible hand and the object. HOPformer learns to predict hand and object poses
across diverse manipulation patterns, including articulated objects when present.

Notations: We denote the i** frame in k' video as f,i We use r, [, and o
to denote the right hand, left hand, and object, respectively. For hands we use
the parametric MANO model [52] to represent the hand’s pose and shape by
6 = {0, 8}. MANO maps O to a 3D posed and shaped mesh H(6) € R778x3,
where § € R*® (including global orientation of the hand) and 3 € R°. For each
object, we predict the object pose w, which consists of rotation R, € RS [72],
translation T, € R3, and 1D rotation in radians for objects with articulation.
Given this pose w, we output a posed 3D mesh, O.(w) € RIVel*3 where |V
denotes the number of vertices of the object c.

4.2 Learning-based Pose Estimation

Our goal is a learning-based model for joint hand—object pose estimation, where
the estimate of one can inform the other. During interactions, this context is
particularly helpful under occlusion.

We first extract a generic sequence of object tokens z, (via @,) and a spe-
cialised sequence of hand pose tokens z;, (via @). These are linearly projected
into a query sequence (X, = W,z,) and memory sequence (X, = Wpzp), and
passed into an L-layer Transformer Decoder Dy. We use a full decoder stack
(rather than a single cross-attention layer) to iteratively refine the object fea-
tures. As shown in Fig. 4, in each of the L layers, the object representations:
1. communicate via self-attention, 2. attend to hand context X, via cross-at-
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tention, and 3. pass through a position-wise feed-forward network. This yields a
refined object sequence X(EL) = Dyp(Xo, Xp).

To obtain the final, aggregated interaction features z;, this output is passed
through a residual connection, followed by a learnable linear aggregation module
A and layer normalisation as: z; = LayerNorm(A(X,gL) + X,)). The resulting
z; is not merely ‘fused’, but is a representation where object features have been
progressively modulated by the hand pose. The core cross-attention mechanism
within any layer ¢ of our decoder Dy is defined as

STIWE (X WE)T
N

CAXYV, X)) =4 <(X ) (Xn W) (1)

where Xézfl) is the object query sequence input to that layer (with Xéo) = X,),

¢ is the Softmax operation, and Wé, W}(, and W‘l, are the learnable projection
matrices for the query, key, and value, respectively.

Finally, as shown in Fig. 4, the feature sequence z; is routed to a set of
dedicated prediction heads, which are implemented as small, independent MLPs.
Following the design in [7], different tokens from the sequence z; are disentangled
and learned to predict different components of the hand and object pose. The
first 16 tokens are used to regress 6, (with global orientation), the 17** token
the root, and the 18" token is used to get the 3,. The next 18 tokens are used
to regress pose, orientation (6;), root, and shape (/;) for the left hand. The
remaining three tokens are used to regress the articulated object pose w.

4.3 Object Mesh Retrieval

The primary decoder regresses the object’s pose w by utilising interaction fea-
tures, without being hard-coded to a specific object’s 3D geometry. However,
to render the 3D hand-object reconstruction, the specific mesh geometry O, is
required. We learn to retrieve the correct mesh O, from a predefined model pool,
M. We leverage the rich, semantic information encoded in the object features
z, from @,, and add a classification head to predict the object’s category, c.

The classifier is trained jointly with the pose estimators. At inference, the
predicted class c¢ is used to retrieve the 3D mesh O, from M. The posed mesh
is then generated by applying the regressed pose w to the retrieved mesh. This
design efficiently reuses features and cleanly decouples the regression of pose
from the identification of object class.

4.4 Training Signal

To train HOPformer, we use various frame-level losses. For hands, we utilise the
following losses: £, = A, Lh +)\§D£§D+>\gﬁg+)\’é£g+>\§€£% where h = {r, 1}
stands for handedness, L3p is a supervised loss on the 3D joints (after subtracting
the root), L'g and L'g are losses on MANO pose and shape parameters, EQD is

a 2D loss on the projected 3D points in the image, and £% is the loss on the
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weak-perspective camera parameters. Finally, A" are the weighting coefficients
for each of the losses when optimising the hand poses.

Similarly, for the object, there are losses for 3D keypoints L4, 2D projection
of 3D keypoints L3, weak-perspective camera parameters, L5, classification L2,
and pose L, on the object: L, = AN§p LS + ASp LS5 + AFLG + AL + N LY.

For frames where the hand is in contact with an object, we add a CDev-based
interaction loss (details in Sec. 5.3): Ly = AL 4 Nint£int The final loss
term for training HOPformer is then: £ = L, + L; + L, + Lin+. The losses above
use MSE except for R, in £, which uses geodesic loss.

5 Experiments and Results

5.1 Datasets

ARCTIC [16]: This in-the-lab dataset is captured in a constrained setting
where a subject is recorded manipulating one object. It consists of 2.1M RGB
frames across 9 camera views where 10 participants manipulate 11 objects with
both hands. Participants either “use” or “grasp” the object during the interac-
tions. The poses of the hands and objects are captured using a MoCap system.
ARCTIC offers 8 exocentric views for pre-training and 1 egocentric view to fine-
tune and evaluate. We follow the original train and validation splits [16]. As this
dataset uses MoCap ground-truth, we use it for ablation experiments.
EPIC-Contact: In EPIC-Contact (which we collect following the details in
Sec. 3) we have 2,272 videos consisting of 62.3K frames across 9 objects. Note
that the same posed hand-object mesh is used for training all frames within the
same video clip, as these clips are temporally annotated as a continuous stable
grasp [74]. We use 237 videos for testing and 2,035 videos as training, keeping
the distribution of hand side and object categories identical between the sets.

5.2 Implementation Details

For all experiments, we use DINOv2 [46] with ViT-G backbone [69] as our object
feature extractor (@,) and WiLoR [49] as &}, for hand features. The decoder
depth L is set to 12. The hyper-parameters As in the loss terms are all set to 1
except for Ajp, = 5.0, Nsp = A§p = 5.0, \j = My = 10.0 and A = A2 = 0.001.

We train using the AdamW [412] optimiser. Following [16], HOPformer is
trained in two stages, the first stage is trained on exocentric views and then fine-
tuned on egocentric views from ARCTIC. While training on exocentric views,
we use a linear warm-up of the learning rate, from le-7 to 5e-5 in first 5% of
steps, and cosine decay from 5e-5 to le-7 for the remaining steps. The batch size
is 256 across 4 NVIDIA GH200 GPUs and we train for 25 epochs. For egocentric
training, we use a learning rate of 3e-5 with cosine decay from le-7, batch size
of 128 across 4 GPUs, trained for 30 epochs with early stopping. The same
hyper-parameters are used for training on EPIC-Contact for 125 epochs with
early stopping. We use a weak perspective camera model [3,16, 31,32, 71] for
translation and a 6D representation for rotation [72].
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Table 1: ARCTIC (Egocentric; in-lab). HOPformer outperforms baselines by a
clear margin on all metrics (except AAE). Bold numbers are best performance.

Method Contact and Relative Positions Motion Hand Object

CDev [mm] | MRRPE, ., [mm] | MDev [mm] | ACC},/, [m/s?] L MPJPE [mm] | AAE [°] | SR@0.05 [%] T Cls [%] T
ArcticNet-SF [16] 44.1 33.9 /36.8 11.8 6.3 /113 22.9 8.0 59.0
JointTransformer [1] 35.0 34.0 / 29.9 10.4 6.9 / 10.1 20.0 4.9 76.2 -
HOPformer (ours) 31.9 31.1/29.4 7.3 4.8 /6.2 16.1 5.0 82.4 99.5

5.3 Quantitative Metrics

We follow [16] and report metrics capturing contact/relative pose, motion, hand
accuracy, and object pose estimation. 1. Contact Deviation (CDev, mm):
The mean distance between corresponding hand—object contact vertex pairs;
2. Mean Relative-Root Position Error (MRRPE,;/,,, mm): The relative
root translation error for hand—hand and hand—object; 3. Motion Deviation
(MDev, mm): Measuring disagreement in motion of vertices in stable contact
across consecutive frames; 4. Acceleration Error (ACC,/,, m/ s?): Measur-
ing smoothness via acceleration differences for hand/object vertices; 5. Mean
Per-Joint Position Error (MPJPE, mm): The mean 3D error over 21 hand
keypoints; 6. Average Articulation Error (AAE, °): Articulation error for
articulated objects; 7. Success Rate (SR@0.05/SR@0.1, %): The fraction
of object vertices within 5%/10% of the object diameter; 8. Object Classifica-
tion Accuracy (Cls): The accuracy of the object classification head. For EPIC-
Contact, where symmetric objects are used (e.g. bottle, can), CDev, MDev, ACC
and Success Rate are updated to be symmetry aware. Details in Sup. Mat.

5.4 Baselines

We use learning-based baselines closest to HOPformer. 1. ArcticNet-SF [16]:
Encoder-decoder architecture with ResNet-50 [26] as its backbone. 2. Joint-
Transformer [1]: Builds on ArcticNet-SF and replaces the CNN-based back-
bone with DINOv2 [46]. As this uses the same feature backbone as us, it also
serves as the best baseline for direct comparison. Improvements over this baseline
are results of our proposed HOPformer design choices. Importantly, JointTrans-
former remains the current SOTA method on the ARCTIC dataset reconstruc-
tion leaderboard. For fair comparison, we retrain both methods on ARCTIC and
EPIC-Contact using the same splits and evaluation protocol as ours.

5.5 Results

In-lab ARCTIC Results: As shown in Tab. 1, HOPformer achieves the best
performance on ARCTIC’s egocentric split, improving contact consistency, mo-
tion, and object pose estimation over prior learning-based methods. Compared
to JointTransformer [1], we reduce CDev from 35.0—31.9mm and MDev from
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Table 2: EPIC-Contact (Egocentric; in-the-wild). HOPformer improves interac-
tion and object pose estimation over all baselines. Bold numbers are best performance.
MRRPE,,; is invalid for EPIC-Contact due to one hand per sequence.

Method Contact and Relative Positions Motion Hand Object
CDev [mm] | MRRPE,, [mm] | MDev [mm] | ACCy, [m/s*] | MPJPE [mm] | SR@0.05 [%] 1 SR@0.1 (%] 1 Cls [%] T
ArcticNet-SF [16] 94.2 166.7 70.1 3.9/53 44.8 16.5 55.9
Joint Transformer [1] 30.1 78.6 20.0 3.1/9.5 22.9 17.6 56.9
HOPformer (ours) 20.7 65.8 11.4 25 /41 19.9 29.8 69.7 52.9

10.4—7.3 mm, while improving SR@0.05 from 76.2—82.4; hand accuracy also im-
proves substantially (MPJPE 20.0—16.1 mm), with comparable articulation er-
ror (AAE 4.9—5.0). We also present results on the exocentric split in Sup. Mat.,
where HOPformer outperforms JointTransformer by an equal or larger margin
on most metrics. These gains establish HOPformer as the new SOTA on this
established benchmark and support our central design choice of conditioning
object features on strong hand priors for robust hand—object pose estimation.
In-the-wild EPIC-Contact Results: Table 2 shows that HOPformer im-
proves pose-estimation and interaction consistency on EPIC-Contact, outper-
forming learning-based baselines under in-the-wild occlusions and clutter. Com-
pared to JointTransformer [1], HOPformer reduces CDev from 30.1 — 20.7 mm
and MDev from 20.0 — 11.4 mm, while improving SR@0.05 from 17.6 — 29.8;
hand accuracy also improves (MPJPE 22.9 — 19.9mm). We additionally pre-
dict object category to enable fully automatic inference; however, to match prior
work that assumes oracle object meshes, we report pose with oracle mesh and
provide fully automatic results in the Sup. Mat.

These results also highlight the additional challenge of EPIC-Contact com-
pared to established benchmarks, as expected. For example, JointTransformer
drops SR@0.05 from 76.2% on ARCTIC (Ego) to 17.6% on EPIC-Contact. This
is not unexpected given ARCTIC shares the same object instances between train
and val split, while EPIC-Contact shows novel instances of the known object cat-
egories, often transparent, occluded and in a cluttered scene.

Qualitative Results: We demonstrate qualitative comparison of models’ pre-
dictions on EPIC-Contact in Fig. 5. HOPformer estimates plausible hand and
object pose under heavy occlusion, for diverse objects in challenging scenes. Prior
works fail in most cases, even in securing contact between the hand and the ob-
ject. Failure case (bottom) is impacted by strong priors from learnt data, where
a plate is expected to be flat. Additional results are provided in the Sup. Mat.

5.6 Ablations

All ablations are reported on the ARCTIC dataset consisting of 3D MoCap
ground truth (egocentric split).

Ablating the losses: In Tab. 3, we ablate each training term and observe
consistent drops, with the largest effects coming from object supervision and
interaction constraints. Removing the object losses (£,) reduces SR@0.05 from
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Table 3: Architectural and loss ablations on ARCTIC (egocentric). We ablate
HOPformer components and training objectives. Results show that hand-conditioned
cross-attention decoding and the interaction/object supervision terms are key to per-
formance across pose-estimation, contact, and motion metrics.

Contact and Relative Positions Motion Hand Object

CDev [mm] | MRRPE, /., [mm] | MDev [mm] | ACCy,/, [m/s*] | MPJPE [mm] | AAE [°] | SR@0.05 [%] 1

Setting

Loss ablations

w/o Interaction Loss (Lint) 40.7 33.3 / 36.5 10.8 18.3 7.7 79.2
w/o 3D keypoints (L31)) 36.8 33.7 / 10.0 187 7.8 78.5
w/o 2D keypoints (L) 35.6 35.9 / 33. 9.5 18.3 7.4 79.5
w/o Beta (L4) 35.4 33.2 / 32. 9.6 18.1 7.2 79.3
w/o Translation (£3") 35.0 32.8 /¢ 9.6 18.0 7.2 79.6
w/o Object Pose (£2) 345 31.7 / 31. 9.8 173 7.4 725
w/0 Object Losses (L,) 33.8 31.3 / 31 9.5 17.3 8.6 66.8
Architecture ablations

Concat + MLP 74.4 48.1 / 66.5 32.0 6.6 / 25.5 19.6 18.7 29.4
DINOv2 as hand features 44.2 36.8 / 37.1 16.2 7.4 /13.0 20.6 6.3 70.0
No SA 61.3 74.0 / 60.4 17.9 7.3 /144 22.9 10.9 55.8
No Aggr. Module (A) 40.4 / 14.0 6.0 /114 16.8 6.3 74.0
L=1 101.6 34.9 15.0 / 25.4 46.7 234 21.9
L=6 59.2 19.5 9.8 /15.2 24.0 8.2 58.6
L=9 50.0 47.1 / 42.8 15.7 6.8 /11.5 21.5 7.9 69.0
Main result

HOPformer (ours) 31.9 31.1/29.4 7.3 48 /6.2 16.1 5.0 82.4

82.4 — 66.8 and increases AAE from 5.0 — 8.6, while removing the object pose
term (L£2) also notably reduces SR (82.4 — 72.5). Removing the CDev-based
interaction loss (L;,¢) primarily hurts physical consistency, increasing CDev from
31.9 — 40.7 and MDev from 7.3 — 10.8. For hand accuracy, keypoint supervision
is most critical: removing Lgﬁ yields the largest MPJPE increase (16.1 — 18.7),

with Egﬁ and L;,; showing similar degradation (— 18.3), whereas Lg and Egh
provide smaller but consistent gains.

Architectural Ablations: Also in Tab. 3, we ablate the architectural design
of HOPformer. Concat + MLP. Replacing the Cross-Attention decoder with
naive fusion causes a sharp collapse (SR 82.4 — 29.4, CDev 31.9 — 74.4),
despite using the same strong backbones. This confirms that HOPformer’s
gains come from conditioning features and not from the backbone. DINOv2
as hand features. Using generic DINOv2 tokens instead of WiLoR weak-
ens the hand prior (MPJPE 16.1 — 20.6) and propagates to object qual-
ity (SR 82.4 — 70.0). This highlights that pose-specialised hand features are
key to effective hand-conditioned object refinement. No self-attention. Dis-
abling self-attention, which enriches the object features, negatively impacts to-
ken communication, leading to large degradations (SR 82.4 — 55.8, MRRPE
31.1/29.4 — 74.0/60.4). This indicates that token-to-token interaction is criti-
cal for accurate object estimation. No Aggregation Module. Removing the
learnable aggregation module, and instead using a fixed subset of the tokens
for each output head, consistently hurts performance (SR 82.4 — 74.0, CDev
31.9 — 40.4). This indicates that HOPformer benefits from learnt pooling into
a compact interaction representation. Varying decoder depth. Reducing de-
coder depth sharply reduces performance (L = 1: SR 21.9), while increasing
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Ground Truth ArcticNet-SF JointTransformer HOPformer (ours)

Fig. 5: Qualitative comparison with baselines. Original image (thumbnail), image
with projected hand-object mesh, and three views of the posed meshes. HOPformer
has visibly superior estimations of pose compared to the baselines.

depth steadily improves it up to L = 12 (SR 82.4). This supports our design
choice of an L-layer decoder for iterative refinement of object tokens under hand
guidance.

Overall, these ablations confirm that HOPformer’s improvements are ob-
tained by iterative, hand-conditioned object refinement.

Scaling the number of object categories: Gf“"a‘f:;‘e‘if';,‘:s;‘:;‘“’"°'_,_ T
To evaluate HOPformer’s performance as the = & BelonlOBeite
number of objects increases, we train HOP-
former on N € {3,6,9,11} object classes
from ARCTIC. Fig. 6 shows a line plot with
MDev(ho) score as number of objects increases. 75 Jr b W TR Ly
HOPformer consistently benefits as more ob- 3 e of Ot (4 HoPfomer taneton |
ject categories are added highlighting superior

generalisability despite the increase in the chal-
lenge. Other metrics show similar gains and are
in the Sup. Mat.

MDev(ho) [mm]
S
&

10.0 | Loweris better

Fig. 6: MDev(ho) improves as the
number of objects increases.

Training HOPformer from scratch on EPIC-Contact: Table 4 shows ini-
tialising HOPformer with ARCTIC weights yields consistent gains on EPIC-
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Table 4: Cross-dataset transfer (ARCTIC — EPIC-Contact). Training HOP-
former from scratch on EPIC vs. ARCTIC-initialised fine-tuning.

Method Contact and Relative Positions Motion Hand Object

CDev [mm] | MRRPE,, [mm] | MDev [mm| | ACCy,, [m/s?] | MPJPE [mm] | SR@0.05 [%] T SR@0.1 [%] T
HOPformer (scratch) 244 99.5 19.5 3.5/71 54.8 3.9 24.2
HOPformer (ARCTIC init; ours) 20.7 65.8 11.4 25 /41 19.9 29.8 69.7

Contact, notably in relative pose and motion (MRRPE,, 99.5 — 65.8, MDev
19.5 — 11.4). HOPformer benefits from additional data during the pre-training.
Compute/Runtime: On one NVIDIA GH200, with batch=1 for online evalua-
tion, HOPformer runs in 106.63 ms median per frame at batch=1 (9.12 frame/s);
additional compute and profiling details are provided in the Sup. Mat.

6 Conclusion

This paper contributes to 3D hand-object pose estimation for in-the-wild ego-
centric images in two ways.

First, we enable training and evaluation in-the-wild by annotating and re-
leasing the EPIC-Contact dataset. We annotate EPIC-Contact video clips with
hand contact regions and bijective contact on 2.3K egocentric clips with func-
tional interactions involving 9 object classes. EPIC-Contact is quality checked,
diverse and a significantly challenging benchmark to guide future research.

Second, we propose HOPformer — a learning-based approach that, given an
RGB image, predicts the pose of hands and object in a single forward pass.
HOPformer uses hand priors that enrich the representation, providing superior
results in joint estimation of hand, object class, and object pose. We outperform
SOTA on the established ARCTIC benchmark and provide a strong starting
point for evaluation on EPIC-Contact.
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