Reconstructing Objects along Hand Interaction Timelines in Egocentric Video

Supplementary Material

1. Overview

On the project’s webpage, we provide qualitative videos
showcasing qualitative results and include details describ-
ing the video in Sec. 2. Rest of this document is arranged
as follows. Section 3 provides additional annotation details
of the EPIC-HIT and HOT3D-HIT datasets. We ablate the
robustness of COP to the boundaries of segments in HIT in
Sec 4. Results on Stable Grasp in the ARCTIC dataset [1 1]
are provided in Sec. 6. Additional implementation details
are provided in Sec. 7. We then qualitatively evaluate CAD-
agnostic models in Sec. 8. Finally, in Sec. 9, we discuss
limitations of our work.

2. Qualitative Video

We include videos showcasing the reconstruction results on
the two datasets using our proposed approach COP. The
video collection contains examples from both EPIC-HIT
and HOT3D-HIT. In each case, we show the original video
(left), projected reconstruction in camera frame (middle)
and 3D hand-object reconstruction from 2 different views
(right). We also show the object and hands in world coordi-
nate frame (bottom) with camera pose as a red prism.

Additionally, we provide examples of Stable Grasp se-
quences in EPIC-HIT. There are two examples from each
object category (bottle, can, mug, glass, bowl, cup, plate,
pan, saucepan).

3. Annotating HOT3D-HIT and EPIC-HIT

With the definition of HIT and Stable Grasp in Section 3.1
of the main paper, we annotate Hand-Interaction Timelines
in two datasets.

3.1. HOT3D-HIT.

For the HOT3D [ 1] dataset which has 3D ground truth, we
automatically extract stable grasps sequences with thresh-
old 7 = 0.5 in Equation 1 in the main paper. We locate
1,239 stable grasps sequences which we then extend au-
tomatically to HIT using the annotations to identify when
the object is in-view. In total, we label 113 HITs cover-
ing 410, 650 frames across 20 videos, 3, 288 segments (872

, 1239 Stable Grasp, 1177 Unstable Contact) and 22
objects.

3.2. EPIC-HIT.

We annotate the temporal segments of HIT from the EPIC-
KITCHENS [9] videos. This offers a dataset distinct from
prior works, which are collected in lab settings [2, 29, 35] or

Figure 1. Qualitative results of COP on Stable Grasp from ARC-
TIC [11]. There are three sequences visualised here. Top row
in each sequence contains input frames. Bottom row in each se-
quence contains frames with reconstructed hand and object. Last
column shows the hand and object reconstruction from two differ-
ent perspectives.

contain recordings specifically collected to evaluate grasps
with no underlying action [4, 14, 18]. Instead, we aim to
leverage Stable Grasp definition to identify HIT sequences
within unscripted egocentric videos of daily actions. Note
that we exclude interactions with non-rigid objects and only
focus on interactions with rigid known objects. We next
detail our annotation pipeline:

1. Identifying candidate clips. The ultimate goal of hand-
object reconstruction is to generalize to any rigid or dy-
namic objects, including those belonging to novel classes.
However, as we show later in Sec. 8, current approaches for
reconstruction of unknown objects [12, 17, 27, 28, 33] are
still in their infancy. We thus restrict our scope to known
object categories and focus instead of high-fidelity hand-
object reconstruction. Note that this is distinct from assum-
ing instance-level CAD models — the general CAD model
of a bottle might not exactly match all bottles in daily life.
We exclude tiny objects and shortlist 9 categories frequently



Table 1. Sensitivity to noisy boundary on HOT3D stable grasp
subset.

Method | ADD SCA-ADD
HOMAN [16] | 15.0 10.0
CoP 70.0 329
COP w/ Noisy Stable Grasp Boundaries | 60.0 27.4

Figure 2. Eight contact regions: five fingertips V# + three palm ar-
eas. The contact regions serve two purposes: bounding the object
inside and attracting the object closer to these regions.

used in kitchens: plate, bowl, bottle, cup, mug, can, pan,
saucepan, glass'. We use annotations and narrations to find
clips where a hand is in contact with one of these categories.
2. Annotating . Two annotators were asked
to label the start-and-end frames following the

definition. We discard segments when, (i) both the hand and
object are out-of-view during the sequence or, (ii) the object
does not match the category CAD model specified.

In total, we label 2, 431 video clips of stable gasps from
141 distinct videos in 31 kitchens [9]. For each clip, we
provide a start and end time of the stable grasp, as well
as 319,661 segmentation masks for the hand and the ob-
ject during the stable grasp from the dense VISOR annota-
tions [10]. Of these, 1,446 contain left hand stable grasps
and 985 contain right hand stable grasps.

3. Annotating HIT segments. Once we have the stable
grasps annotated, we extend them to HIT. We select 42
videos that have verified camera pose estimates from [30]
with metric scale and gravity available from [25]. Manual
annotations for temporal segments are then added to form
consecutive segments labelled with segment type. In total,
we label 96 HITs, covering 79,736 frames and 269 seg-
ments (135 , 106 , 28 Unstable Contact).

3.3. Dataset Comparison

Table 2 provides a more comprehensive comparison of our
datasets with regularly used datasets for hand-object recon-
struction. This is an extension of Table | in the main paper.

4. Dependency on Accurate Boundaries

COP relies on the provided HIT segment boundaries. One
limitation of the method is the need for accurate start-end
times of all segments in the hit. These annotations can be

!For object mesh, we made per-category CAD model in Blender [7].
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Figure 3. Robustness to noisy hand poses.

relieved if segments are estimated through a localisation
model or VLM given a labelled training dataset. While
our results in the paper use labelled segments of Hand
Interaction Timeline (HIT), we provide an ablation on the
need for accurate segment boundaries.

To assess the sensitivity of COP to labelling bound-
ary accuracy, we add random noise—sampled from
Uniform(10, 30) frames—to the ground-truth boundaries
for 40 randomly selected samples from
HOT3D. As shown in Table 1, noisy boundaries leads to a
performance drop for COP; however, even with such noise,
COP still outperforms the baseline [16] by a large margin.

5. Sensitivity to Hand Pose Hoise

We analyse our method’s sensitivity to the hand pose noise,
using a random subset of 100 stable grasp segments from
HOT3D. We run HaMeR [24] to obtain the finger poses and
use these as input to our method.

Figure 3 compares the results. When we switch from
ground-truth to estimated hand poses, our method drops
reasonably for both ADD and SCA-ADD metrics. How-
ever, our method still clearly outperforms the best perform-
ing baseline — Dynamic. This finding is in line with the
results in the paper.

in ARCTIC

In addition to HOT3D [1] and EPIC-KITCHENS [£], we
also explore the ARCTIC dataset [ | |] with 3D ground truth
for HIT reconstruction. However, due to short clips in the
dataset, we only evaluate the stable grasp segments on this
dataset. Similar to HOT3D, we automatically extract sta-
ble grasp sequences with threshold of 7 = 0.5 and identify
1303 stable grasp sequences across 9 subjects covering 11
categories. Table 3 contains per-category results for stable
grasps in ARCTIC. COP outperforms the baseline [16] and
alternate assumptions on all the 11 CAD-model categories.
Categories like “capsule machine” see significant improve-
ment in ADD score (+12.6). On average, COP improves
ADD from 56.0 with dynamic assumption to 65.1 using the
stable grasp assumption.

6. Results on



Table 2. Dataset Comparison. Here we compare various characteristics and labels provided by various datasets. We also show statistics

of and HIT (when available). *: object poses or segments are not provided. T: subjects in the released train/val set
Characteristics Labels Stable Grasps’ Stats HIT’s Stats

Dataset Year

In-the-wild f;‘;it Ego  Pose GT E;;le HIT #Env #Sub #Cat #Inst  #Seq gﬁiﬁion #frames ?:rgHi’;q #Seq
FPHA [13] 2018 X o/ 3D X X 3 6 4 4 1,175 - - - B
HO3D [14] 2020 X X X 3D v(part) X 1 10 10 10 65 - - - -
ContactPose [2] 2020 X v X 3D v X 1 50 25 25 2,306 - - - -
GRAB [29] 2020 X v X 3D X X 1 10 51 51 1,334 - - - -
H20 [18] 2021 X v v 3D X X 3 4 8 8 24 - - - -
DexYCB [4] 2021 x X X 3D x x 1 10 20 20 1,000 - - - -
HOI4D [19] 2022 X v 4 3D X X 610 9 20 800 5,000 - - - -
Assembly101 [26] 2022 X v X 3D Hand* X X 1 53 15 15 4,321 - - - -
OaklInk [32] 2022 X v X 3D X X 1 12 32 100 1,356 - - - -
SHOWMe [28] 2023 x X X 3D v X 1 15 42 4 96 - - - -
ARCTIC [11] 2023 X v v 3D X X 1 of 11 11 339 - - - -
ARCTIC w/ 2025 X o/ 3D v X 1 9 11 11 1,303 - - - -
HOGraspNet [6] 2024 X X 4 3D v X 1 929 30 30 ~3861 - - - -
HO-Cap [31] 2024 X X 4 3D X X 1 9 64 64 64 - - - -
HOT3D [1] 2024 X o 3D X X 4 19 33 33 295 - - - -
HOT3D-HIT (ours) 2025 x oV 3D v v 4 9 22 22 1,239 121.1s 410,650 29.1 113
Core50 [20] 2017 v X X 22DMak X X - 10 50 550 - - - -
MOW [3, 23] 2021 v X X X X 500 500 121 500 500 - - - -
EPIC-HIT (ours) 2025 v v/ v 2DMask v Vo141 31 9  ~390 2431 1385 79,736 2.8 96

Table 3. Results on ARCTIC. Green shows the best performing method per metric and yellow shows the second best. COPT is

COP without propagation.

Category SCA-IOU ADD SCA-ADD

HOMan Rigid [28] Dynamic coP’ HOMan Rigid [28] Dynamic corP’ HOMan Rigid [28] Dynamic copf
box 30.9 67.3 47.5 71.8 333 37.7 52.9 60.1 16.9 28.7 26.7 45.5
capsulemachine 34.4 34.9 43.8 66.6 42.1 48.4 453 57.9 24.5 34.1 26.1 43.7
espressomachine 36.9 49.2 522 73.0 44.6 48.5 64.4 72.3 28.8 36.2 38.2 55.6
ketchup 18.0 32.7 48.4 62.3 15.1 51.9 39.6 56.6 9.3 37.8 23.7 39.2
laptop 353 62.0 51.8 69.1 43.8 45.1 60.4 63.9 28.0 37.1 34.8 46.9
microwave 36.1 51.5 48.8 76.1 56.2 50.9 77.7 83.9 27.3 353 41.8 64.2
mixer 343 379 51.1 69.4 45.1 48.4 66.4 73.8 26.7 322 38.8 54.2
notebook 38.7 57.8 55.4 66.6 33.8 43.0 53.6 61.6 20.8 332 324 42.7
phone 39.5 36.7 524 62.2 28.1 39.7 34.9 46.6 19.9 29.2 214 30.4
scissors 52 0.0 16.2 23.7 7.0 474 439 70.2 5.2 36.3 25.6 47.7
waffleiron 36.3 48.3 51.0 65.0 45.0 59.5 72.5 76.3 26.2 39.2 40.1 51.5
Average 33.1 46.6 49.0 66.1 37.1 46.9 56.0 65.1 22.0 342 32.0 46.9

Table 4. Ablation on the Loss Esq variants on ARC-
TIC. We show improvement over the Dynamic Baseline

Obj. Vert. Selection Frames Selection ADD SCA-ADD
v, N2 pairs 65.1 (+9.1) 46.9
v N2 pairs 58.4 (+2.4) 37.2
V, N consecutive 59.1 (+3.1) 38.1
Dynamic Baseline 56.0 (+0.0) 32.0
Figure | shows qualitative results on from

ARCTIC. In Tab. 4 similar to the ablation in the main pa-
per for HOT3D-HIT, we ablate Loss Eg¢ and
show improvement over the Dynamic baseline. Further-
more, in Tab. 5, we ablate the weights on ARCTIC and draw
similar conclusion as the analogous ablation on the HOT3D
dataset (Table 7 in the main paper).

Table 5. Ablation on the weights. We highlight our choice of \;
and A2 (blue) on ARCTIC

A1 A2 ADD SCA-ADD
0 01 56.0 32.0

1 0 630 45.0

I 01 650 47.0

10 0.1 490 39.0

7. Additional Implementation Details

Physical Loss E,,, s, and E,,,;;. In the main paper, we note
our usage of physical repulsion and attraction losses £,
and E,,;;. These are similar to the repulsion and attraction
losses in [15].

The term E,,, ), ensures all object vertices are located in-



side the contact surface of the hand (Fig. 2). E,,s applies
independently to each frame, hence we omit the superscript
", For each v, € V,, we locate the nearest vertex in hand
contact regions, and compute the distance along the surface
normal of this hand vertex. Object vertices that penetrate
into the contact surface will have negative values. We max-
imise those negative values, truncating the positive ones:

Epush = »_ —1#min(dy,0) (1)
Vo EV,
dy = (v, — v}, n}) 2)

where v}, is the corresponding nearest vertex on the hand
and nj is the surface normal of v; .

In addition to E},,sp,, which pushes the object out of the
penetrating region against the hand, we use a balancing loss
E,,,1 which pulls the object to touch the fingers. Fp,,;; also
applies independently to each frame and we omit the super-
script ™. We here focus on the contact regions showcased
in Fig 2. For each finger tip contact region with hand ver-
tices {vp, } ¢, the region-to-object distance is defined as the
minimum distance of all (vp,,v,) pairs. We use 5 finger tip
regions and minimise the average of these region-to-object
distances.

1
Epur = =Y d{vn}e, Vo) 3)
C

d({vn}tco, Vo) == min

— 4
Uhe{vh}Cavoevo<vh vo’n0> @

where n,, is the surface normal of v,.

Pose initialisation for segments. As the object is
typically supported by a surface when static, we use 10 ini-
tialisations all with an upright orientation. The initialisa-
tions differ in the object’s rotation around the axis of sup-
port.

Pose initialisation for Stable Grasp segments. When us-
ing datasets with 3D ground truth, the initial rotations are
generated by clustering the ground-truth rotations, where
clustering is performed via the axis-angle representation of
the rotation matrix. The initial translation is generated by
averaging the ground-truth translations. We initialise 10 ro-
tations and 1 global translation for each (object, left/right
hand) pair. For EPIC-HIT, we manually set initial object
relative poses to the common poses of each category. Each
(category, left/right hand) pair has on average 4.1, minimum
1 and maximum 8 initialisation poses. Importantly, all com-
pared methods (HOMan [16], Rigid, Dynamic, COP) are
initialised with these same set of initial poses, ensuring fair
comparison in Table-2 and Table-3 in the main paper and
Table-3 in the supp.

Pose initialisation for Unstable Contact segments. We
use random initialisation.

Computational cost analysis. The main computation is
due to mesh projection in E,,4sx; Esq is lightweight for

Input Seq HOLD-Net G-HOP Diff-HOI
— | -
g Output
%]
Output (rotated)
~ \ » ¥ 50k steps
g Output (default)
%]
’
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v y 4
Output

Seq 3
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Figure 4. In-the-wild qualitative evaluation of [12, 33, 34]. Ow-
ing to high occlusion due to fingers, the CAD-agnostic methods
struggle to reconstruct the object shapes.

meshes with ~ 500 vertices. The Hand-Interaction Time-
line (HIT) propagation is inherently sequential, potential
speed-up can be gains through engineering the per-segment
optimisation, e.g. multiple initialisation in the same seg-
ment can be optimised in parallel.

8. In-the-wild evaluation of CAD-Agnostic
methods

In our method, we assume knowledge of the CAD model.
We explore works that attempt reconstruction without CAD
model’s knowledge. In this section, we showcase these
models to be unusable for in-the-wild hand-object recon-
struction.

We evaluate CAD-agnostic methods HOLD-Net [12],
G-HOP [34] and Diff-HOI [33] on the Stable Grasp from
EPIC-HIT dataset. HOLD-Net is a neural rendering based
multiple-view method, while G-HOP and Diff-HOI are
data-driven methods that learn implicit shape priors from
in-the-lab datasets.

Figure 4 shows HOLD-Net is able to reconstruct the ob-
ject’s visible surface. However, HOLD-Net is unable to



Method ‘ ADD?T SCA-ADD?T  erry (°) L erryams (cm) |

FoundPose [22] 5.0 1.3 78.0 335
FoundPose [22] w/o texture 0.0 0.0 100.1 28.9
COP (Ours) 70.0 329 39.2 13

Table 6. Comparison with data-driven methods. We show avg.
rotation and translation errors.

generate the complete object surface due to finger occlu-
sion. As input views are typically limited in egocentric
videos, HOLD-Net also struggles with the unseen surfaces
— the bottle’s symmetry is not reconstructed, see the rotated
output. In-the-wild videos are also challenging for data-
driven methods”. In Fig. 4, G-HOP fails to produce the
shape for the pan and generates a bowl shape for the plate.
Diff-HOI also performs poorly. Diff-HOI can generate the
plate shape at an intermediate step (see SK steps result in
yellow square), but produces a wrong shape eventually (at
the default 50k steps), highlighting robustness limitations.

Overall, these methods are at an infancy stage. Our
method can extend to CAD-Agnostic methods when these
are more robust. Importantly, it is not obvious how to
quantitatively compare these methods on the same CAD-
based metrics due to the need for alignment of the predicted
shapes to the ground-truth CAD-model. This alignment is
not obvious and has a significant impact on the numerical
evaluation.

We also compare against FoundPose [22], a CAD-known
but training free method. FoundPose use DINOv2 [21]
to build correspondence between the image and the CAD
model. Unlike other object pose estimator, FoundPose does
not require training, therefore has the potential of scaling to
unseen objects. In Tab. 6, we compare results on a random
subset of 40 HOT3D stable grasp sequences. FoundPose is
significantly worse than COP. Note that FoundPose relies
on the texture of the instance CAD model, which is not a
requirement for our method.

9. Limitations and Future Direction

Whilst results in-the-wild are very promising, our pipeline
relies on hand pose estimation as a first stage. Despite the
robustness incorporated by the multiple-view joint optimi-
sation, our method fails when the predicted hand poses are
incorrect (see main paper Figure 8). Our method also strug-
gles with extreme occlusions and ambiguity from limited
views.

Another limitation of our approach is its reliance on
the knowledge of the category’s CAD model. We show
in Sec. 8§ that current CAD-agnostic methods [12, 33, 34]
struggle in-the-wild. CAD-agnostic reconstruction and gen-
eralisation to unknown objects is the ultimate goal, however

2authors of these papers acknowledge their limitations in in-the-wild

Figure 5. SAM-3D results on EPIC-HIT frames from the Static
segments of interaction timelines (i.e. when object is not in con-
tact). The predicted models match the CAD models in EPIC-HIT
and showcase potential extension into CAD-free assumption.

current approaches do not provide sufficiently representa-
tive shapes for hand-object reconstruction where accurate
object vertices are required for predicting contact.

In addition, we note that the recently published SAM-3D
model [5] could be used to obtain candidate CAD models,
examples shown in Figure 5. While SAM3D is not inte-
grated into the proposed pipeline, this is a plausible direc-
tion to address the known-CAD limitation.

Finally, we note that our definition of stable grasp is
geometry-based. Exploring force closure and physical sta-
bility is left for future works.
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