Supplementary Material:
Towards Egocentric 3D Hand Pose Estimation in Unseen Domains

Table 7. Results of 3D hand pose estimation state-of-the-art
methods when trained and tested within the same domain - H20
Dataset. All numbers provided in mm in camera space.

Method Year MPIPE |
LPC [5] 2020 40.72
H+O [14] 2019 40.14
H20 [6] 2021 39.33
HTT [15] 2023 35.33
H20TR [3] 2023 25.10
THOR-Net [1] 2023 36.65
SHARP [8] 2024 28.66
Ours 2025 22.77

A. Additional Results and Experiments

A.1. Comparison of V-HPOT in H20 Dataset as
source-target

To evaluate our model’s effectiveness relative to current
state-of-the-art approaches, we conducted same-domain ex-
periments using the H20 Dataset [6] for both training and
testing. The results demonstrate that our model outperforms
existing methods. The second-best performing approach,
H2O0TR [3], employs a substantially more complex archi-
tecture incorporating hand-object contact maps. Yet, our
more streamlined design still yields better results (See Ta-
ble 7). Our solution’s strong performance is due to the 3D
augmentation enabled by virtual camera space.

A.2. Dataset selection and cross-dataset evaluation

We train our model on HOT3D [2] and evaluate it on
the H20 Dataset [6] and AssemblyHands [9]. We select
HOT3D as the training dataset for two key reasons: (1) it
provides the most recent high-quality motion capture data
with diverse scene variations and (2) it enables direct com-
parison with existing methods using H20 and Assembly-
Hands for cross-domain evaluation [3, 10, 11, 13]. Ta-
ble 8 presents a comprehensive cross-dataset ablation study
demonstrating that V-HPOT consistently improves aver-
age performance across all training—testing combinations.
Training on HOT3D achieves the highest average improve-
ment on unseen domains (56.5%), significantly outperform-

Table 8. Cross-dataset 3D pose estimation performance
(MPJPE in mm). Green/red values show percentage improve-
ment/degradation from baseline. The right column displays aver-
age improvement across test datasets, demonstrating that V-HPOT
consistently improves performance in all cross-dataset scenarios.

Train Test Avg. A
HOT3D H20 AsHa
base 179.6 297.7 -
V-HPOT 53.3(-70.3%) 174.5(-41.4%) -55.9%
AsHa H20 HOT3D
base 252.1 349.6 -
V-HPOT 204.2 (-19.0%) 333.3 (-4.6%) -11.8%
H20 AsHa HOT3D
base 289.1 250.8 -
V-HPOT 238.8 (-17.4%) 262.6 (+4.7%) -6.4%

ing AssemblyHands (11.8%) or H20 (6.4%). This supe-
rior performance is a testament to the high quality of the
motion capture data and the diverse environmental condi-
tions in HOT3D, which provide better domain priors than
the smaller H20 and AssemblyHands, with their strongly
distorted monochromatic images. Our approach focuses
specifically on cross-domain generalisation: training on
one domain and testing on others. Unlike the state-of-the-
art methods presented in Table 6, which rely on multiple
training domains through purely data-driven approaches, V-
HPOT proposes a methodological solution that requires no
additional data or labels. This design choice aligns with our
goal of improving performance in unseen domains while
minimising the quantity of data and domains.

A.3. Impact of the testing data during TTO

In the main paper, we report selecting 5% of data for
our test-time optimisation process during experiments, af-
ter which we cease weight updates. Table 9 presents perfor-
mance metrics across varying data quantities. The results
demonstrate that our selected 5

However, selecting a percentage of data is not possible in
the real-world online scenario, as the data stream’s length



is unknown, unlike in our experimental case. Thus, we
compare the results when using a fixed data quantity for all
datasets, equal to 5% of the H20 data, which is 960 frames.
The observation is a marginal decline in performance.

Our approach, which involves adaptation performed on
a relatively small amount of data, only represents a per-
formance trade-off in selecting data quantity and learning
rate during test time. We assume that our goal is to achieve
the highest performance in the fastest possible time for two
reasons: (1) whilst adapting the network faster, more sam-
ples result in better predictions, yielding superior final re-
sults compared to optimising through the entire test set, and
(2) the test-time process has lower computational cost as
the optimisation does not process the whole test set for ev-
ery sample. Due to this, we select a high learning rate
(Ir = 0.3) for V-HPOT during TTO compared to training
with a scheduled Ir €< 0.1,0.012 >.

The high learning rate makes the TTO process sensitive
to outliers that appear more frequently in larger data subsets
and affect vulnerable 3D pose understanding, causing insta-
bility and excessive optimisation of network weights and bi-
ases. Particularly sensitive is the regression component re-
sponsible for understanding depth (z-coordinate), explain-
ing the performance decrease. Using a training-range Ir
eliminates this effect and maintains performance improve-
ments with 100% data, but increases inference time by x5
for the test set. Our method and learning rate selection,
therefore, balance performance gains with computational
efficiency.

A.4. Online vs. Offline TTO

We compare online versus offline adaptation approaches. In
the online method, we continuously update weights until
processing 5% of the data. Conversely, in the offline ap-
proach, we load pre-trained weights for each sample and
optimise n times specifically for that sample. Table 10
presents results for the online method alongside offline vari-
ants with n = 1,3 and 5. Our findings indicate that the
online approach yields superior performance. Addition-
ally, the offline method incurs substantially higher compu-
tational costs as n increases.

A.5. Root-based vs. absolute regression

V-HPOT aims to improve absolute depth estimation, which
is crucial for specific egocentric applications (e.g., AR/VR
and robotics), where metric accuracy is vital for interacting
with the physical world. The results demonstrate significant
enhancements in absolute 3D pose estimation, while miti-
gating the root-relative MPJPE-RA error to a lesser extent.
Some literature has focused on methods that first estimate
hand pose in root-relative space with respect to the wrist
joint, e.g., InterHand [7], and then transfer to absolute val-
ues. To investigate whether the V-HPOT approach can work

Table 9. Ablation study presenting impact of test-data quantity
considered during our TTO process.

MPIJPE| MPJPE-RA| MRRPE | L2 ]
H20 AsHa H20 AsHa H20 AsHa H20 AsHa

1% 1259 2175 672 985 659 3441 57 5138
5% 533 1745 51.1 906 541 2532 58 369
7% 52.8 1849 512 8042 593 18501 52 412
10% 74.8 184.1 47.1 84.6 722 2285 5.1 40.25

fixed 53.3 175.1 51.1 921 541 2529 58 37.0

by first estimating in root-relative space and then transform-
ing to absolute coordinates, we reimplemented our network
using a root-relative training strategy before transferring to
absolute values. Table 11 compares the original V-HPOT
and the RR-based V-HPOT variant. While the RR variant
demonstrates greater improvements in MPJPE-RA, all other
metrics decline compared to the original V-HPOT, confirm-
ing our design choices.

A.6. Impact of error in initial pose

Figure 3 shows the pose losses with and without V-HPOT
during testing. In the figure, we can observe that despite
a wrong initial prediction, V-HPOT improves the final re-
sult in most samples. In this study, we dive deeper into the
impact of the initial pose.

To evaluate the robustness of our method to inaccurate
initial predictions, we conduct a systematic noise augmen-
tation experiment. We add uniform noise sampled from
< =*, 5 > millimetres to the initial 3D hand poses predic-
tion, where € {10, 20, 35,40, 50}. This simulates scenar-
ios where the initial pose estimation contains higher error
(MPJPE + noise), testing whether our TTO approach can
recover from poor initialisations or if it reinforces incorrect
predictions.

Results in Table 12 demonstrate that our approach ex-
hibits degradation rather than catastrophic failure. Higher
degradation is observed in H20, as the initial predictions are
more accurate than in AssemblyHands. The error is higher
in the AssemblyHands initial prediction, and noise has a
lesser impact on it. Even with maximum noise n = 50,
we observe improvements over base (not using V-HPOT).

A.7. Qualitative results in Epic-Kpts

Datasets for egocentric 3D hand pose are limited to a lab-
oratory environment due to annotation methods relying ei-
ther on a multi-view camera setup or motion capture tech-
nology. This limits the recording environments, as all data
is confined to indoor laboratory scenes. In contrast, hand
pose estimation aims to work in an in-the-wild setup with
a more diverse environment. We show qualitative results of
our method on the real-world dataset Epic-Kpts [11], which



(a) Epick-Kpts

(b) Custom images

Figure 5. Qualitative results of our method on the in-the-wild Epic-Kpts and own images. The estimated 3D pose is projected into
2D space, as no ground truth 3D pose labels are available. Despite the challenging natural environments full of everyday objects, various
backgrounds, and sceneries, V-HPOT produces geometrically accurate poses. In Epic-Kpts, camera wearers perform dynamic actions
involving manipulating various objects while preparing meals or cleaning. In addition to Epic-Kpts, we capture images without depth cues,
featuring an outdoor background and a subject pointing at the wall, without any reference points.

Table 10. Ablation study presenting impact of online and offline
TTO process strategy selection.

MPIJPE | MPJPE-RA | MRRPE | L2y
H20 AsHa H20 AsHa H20 AsHa H20 AsHa

n=1 1533 3062 663 1053 743 2777 6.4 96.9
n=3 1544 3057 66.7 1053 75.0 2784 63 96.6
n=>5 1541 3059 66.8 1053 75.1 2786 64 96.6
Online 53.3 1745 51.1 90.6 54.1 2532 58 369

is a subset of the Epic-Kitchens [4] dataset. Captured in
the various kitchens where subjects prepare meals, it is full
of natural actions, motion blur, and a wide variety of in-
teracting objects. Unfortunately, there are no 3D pose la-
bels for comparison, limiting us to qualitative analysis only.
In addition to Epic-Kpts, we capture images with different
background structures where hands are in front of a wall
without any reference information, and outdoors in the gar-

Table 11. Root-based vs. absolute regression. Comparison of
V-HPOT with regression of absolute coordinates against approach
where regressions is done relative to wrist and then transformed to
absolute coordinate system.

MPJPE | MPIJPE-RA | MRRPE | L2 |
H20 AsHa H20 AsHa H20 AsHa H20 AsHa

Root-based approach

base 133.5 299.7 58.1 1025 64.2 2687 6.6 87.1
V-HPOT 57.1 209.1 40.5 91.7 572 2785 63 472
A 57.3% 30.2% 30.2% 10.5% 10.9% 3.7% 4.2% 45.8%

Absolout depth approach

base 179.6 297.7 52.7 105.3 126.2 301.8 7.4 80.1
V-HPOT 53.3 174.5 51.1 90.6 54.1 2532 5.8 369
A 70.3% 41.2% 3.0% 12.5% 57.2% 16.2% 21.8% 53.9%




Table 12. Impact of error in initial pose prediction on V-HPOT
performance. Results shown for different noise levels (in mm)
applied at TTO.

MPJPE | MPJPE-RA | MRRPE | L2]
H20 AsHa H20 AsHa H20 AsHa H20 AsHa

base 179.6 297.7 527 1053 126.2 301.8 74 80.1
V-HPOT 533 1745 51.1 90.6 54.1 2532 58 369

n=10mm 56.3 1858 51.6 923 53.0 229.0 5.6 44.1
n=20mm 71.5 1854 54.8 923 52.0 2283 5.6 44.0
n=30mm 94.8 190.8 58.6 90.6 53.5 2255 5.7 46.0
n=40mm 122.5 201.5 629 89.5 60.6 2233 5.7 487
n=50mm 149.2 2112 67.2 884 69.1 218.0 5.7 50.3

den, where the background is far from the camera. Results
in Figure 5 show that our V-HPOT result in accurate pose
estimates even in such challenging scenes.

A.8. Qualitative analysis of pseudo-depth estima-
tion models

In the main paper, we compare two pseudo-depth estimation
models: DPT-Hybrid [12] and DepthAnything [16]. The re-
sults vary depending on the metric used. We measured in-
ference using an NVIDIA RTX 3090 GPU over 1000 trials.
Given the mixed quantitative results, DPT-Hybrid is faster
(26.8 ms vs. 39.8 ms), which is essential at the experimen-
tal stage. Furthermore, we visually analyse the differences
between DPT-Hybrid and DepthAnything by imagining ran-
dom frames from the HOT3D dataset. These frames are pre-
sented in Figure 6. We observe that both models perform
similarly in terms of hand regions. The main difference is
DepthAnything’s superior understanding of the background
details. In our study, which focuses solely on the hands,
these background details are less important, while the faster
inference and better absolute 3D error in pose estimation
favour DPT-Hybrid for the role of our auxiliary task.

A.9. Ground truth depth vs. pseudo-depth analysis

Pseudo-depth estimation, used as an auxiliary task, is lim-
ited by errors that can propagate during hand pose estima-
tion training. Among the datasets in this study, only H20
provides sensor-based ground-truth depth measurements,
limiting the possible cross-domain experiments. To eval-
uate the impact of depth estimation quality, we train our
network on the H20 dataset and assess its performance in
a cross-domain scenario on HOT3D and AssemblyHands,
using ground-truth depth and DPT-Hybrid pseudo-depth as
auxiliary tasks.

Results reveal a negligible difference for base (without
TTO) (0.3% MPJPE) between GT depth versus pseudo-
depth when averaged across both domains. With TTO ap-
plied, the results are mixed. For HOT3D, the difference in

(a) DPT-Hybrid

XA

(b) DepthAnything

Figure 6. A visual comparison of the DPT-Hybrid and DepthAny-
thing pseudo-depth estimation models. DepthAnything is better at
estimating background details, while the quality of hand estimates
is similar in both methods.

MPIJPE is minimal in favour of the pseudo-depth (262.6 vs.
263.2), while for AssemblyHands is larger (238.8 vs 250.7).
This suggests that pseudo-depth estimation provides suffi-
cient spatial correctness to serve as an auxiliary task. In
some cases, it even improves performance through a reg-
ularisation effect. The less detailed background informa-



tion in slightly imperfect pseudo-depth may prevent overfit-
ting to specific depth patterns coming from the scene back-
ground or sensor noise, but being not crucial for hand un-
derstanding, leading to better generalisation across domains
and serving effectively as an auxiliary task. Additionally,
pseudo-depth remains advantageous as an auxiliary task be-
cause it can be used on any dataset without requiring a depth
Sensor.
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