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Method New Days VISOR
@0.05 @0.1 @0.15 @0.05 @0.1 @0.15

A
ll

Jo
in

ts

FrankMocap[14] 16.1 41.4 60.2 16.8 45.6 66.2
METRO[9] 14.7 38.8 57.3 16.8 45.4 65.7
Mesh Graphormer [8] 16.8 42.0 59.7 19.1 48.5 67.4
HandOccNet (param) [12] 9.1 28.4 47.8 8.1 27.7 49.3
HandOccNet (no param) [12] 13.7 39.1 59.3 12.4 38.7 61.8
HaMeR [13] 48.0 78.0 88.8 43.0 76.9 89.3
HaPTIC (Ours) 48.6 79.0 89.9 46.8 79.5 90.9

V
is

ib
le

Jo
in

ts

FrankMocap 20.1 49.2 67.6 20.4 52.3 71.6
METRO 19.2 47.6 66.0 19.7 51.9 72.0
Mesh Graphormer 22.3 51.6 68.8 23.6 56.4 74.7
HandOccNet (param) 10.2 31.4 51.2 8.5 27.9 49.8
HandOccNet (no param) 15.7 43.4 64.0 13.1 39.9 63.2
HaMeR 60.8 87.9 94.4 56.6 88.0 94.7
HaPTIC (Ours) 60.6 88.5 95.0 60.7 89.3 95.5

O
cc

lu
de

d
Jo

in
ts

FrankMocap 9.2 28.0 46.9 11.0 33.0 55.0
METRO 7.0 23.6 42.4 10.2 32.4 53.9
Mesh Graphormer 7.9 25.7 44.3 10.9 33.3 54.1
HandOccNet (param) 7.2 23.5 42.4 7.4 26.1 46.7
HandOccNet (no param) 9.8 31.2 50.8 9.9 33.7 55.4
HaMeR 27.2 60.8 78.9 25.9 60.8 80.7
HaPTIC (Ours) 29.4 62.2 80.4 29.7 64.6 83.1

Table 5. Evaluation of single image pose. We report PCK at differ-
ent thresholds on benchmark HInt [13]. We compare HaPTIC with
multiple image-based hand pose estimation baselines.

In supplementary material, we provide additional quan-
titative comparisons mentioned in the main paper (Sec. A.
We also provide further details on implementing network
and evaluation metrics (Sec. B). Finally, we visualize more
comparisons and results in supplementary videos.

A. Image-based Hand Pose Estimation
As mentioned in Section 4.2, we report quantitative com-
parisons between HaPTIC general model and other image-
based baselines. Table 6 reports 3D pose evaluation and
Table 5 reports their 2D projections.

All Splits on HInt HaPTIC outperforms all other base-
lines in terms of 2D pose alignment on the more
appearance-diverse benchmark HInt. The advantage is even
more significant on the occluded split. This is likely be-
cause our global spatial attention (Global CA) to the origi-
nal frame provides more context under occlusion.

3D Hand Pose Benchmark HaPTIC performs compara-
bly in terms of 3D hand poses on HO3D (second best across
all methods with gaps to the best model less than 1%). It
is slightly worse than HaMeR probably because the HO3D
dataset is sampled less in the combination of video datasets.
Yet, HaPTIC predicts much more realistic 4D trajectories.

Method AUCJ ↑ PA-MPJPE ↓ AUCV ↑ PA-MPVPE ↓ F@5 ↑ F@15 ↑
Liu et al. [10] 0.803 9.9 0.810 9.5 0.528 0.956
HandOccNet [12] 0.819 9.1 0.819 8.8 0.564 0.963
I2UV-HandNet [1] 0.804 9.9 0.799 10.1 0.500 0.943
Hampali et al. [4] 0.788 10.7 0.790 10.6 0.506 0.942
Hasson et al. [6] 0.780 11.2 0.777 11.1 0.464 0.939
ArtiBoost [16] 0.773 11.4 0.782 11.4 0.488 0.944
Pose2Mesh [3] 0.754 12.5 0.749 12.7 0.441 0.909
I2L-MeshNet [11] 0.775 11.2 0.722 13.9 0.409 0.932
METRO [9] 0.792 10.4 0.779 11.1 0.484 0.946
MobRecon [2] - 9.2 - 9.4 0.538 0.957
Keypoint Trans [5] 0.786 10.8 - - - -
AMVUR [7] 0.835 8.3 0.836 8.2 0.608 0.965
HaMeR [13] 0.846 7.7 0.841 7.9 0.635 0.980
HaPTIC (Ours) 0.842 8.0 0.839 8.1 0.628 0.980

Table 6. Evaluation of single image pose. We report quality of
3D hand pose on benchmark HO3D. We compare HaPTIC with
multiple image-based hand pose estimation baselines.

B. Implementation Details
Network Implementation Details We use AdamW opti-
mizer with learning rate 1e−4. We train on eight H100 with
batch size 16 (8 for video and 8 for images) for 1000000 it-
erations. We use the same weights as that in HaMeR to
mix data from different image datasets. The (unnormalized)
sampled weights to mix video datasets are 0.25 (ARCTIC-
EGO), 0.15 (ARCTIC-EXO), 0.05 (DexYCB), 0.05 (H2O),
0.05 (HO3D), 0.15 (InterHand2.6M).

In test time optimization, we use AdamW optimization
with learning rate 1e − 3 and optimize for 1000 iterations
for each sequence. The optimization objective consists of
2D reprojection loss with ground truth 2D keypoints, accel-
eration loss of predicted 3D and 2D keypoints, and distance
to the original predictions.

Evaluation Metrics. To calculate GA/FA-MPJPE, we
align the predicted trajectory with the ground truth by
searching for an affine transformation (isometric scale, ro-
tation, and translation) between selected keypoints. In GA-
MPJPE, the selected keypoints are all joints from all frames
while in FA-MPJPE, they are all joints from the first frame.

In ARCTIC, each video takes about 30 seconds. Follow-
ing the literature on whole-body reconstruction in global co-
ordinates [15, 17], we clip long sequences into shorter clips
of the same length (60) before computing global trajectory
metrics.

C. More Results in Videos
We provide more results in Supplementary Videos, includ-
ing comparisons with other models (Fig. 4), comparisons
before and after optimization (Fig. 5), and more qualitative



results from HaPTIC (Fig. 1 and 6). They can be viewed by
opening https://judyye.github.io/haptic-www/
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