Predicting 4D Hand Trajectory from Monocular Videos
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Figure 1. Given a monocular video depicting hand motion, HaPTIC reconstructs both Hand Pose (Pose Recon.) and 4D hand Trajectory in
consistent global Coordinate (last 3 columns). The existing method produces convincing reprojection but its 4D trajectory is not plausible
(side view). In contrast, our method can generate faithful 4D trajectories. The opaque hand shows reconstruction of the last frame while
semi-transparent hands visualize reconstructions from previous frames. Red curves visualize root trajectories.

Abstract

We present HaPTIC, an approach that infers coherent 4D
hand trajectories from monocular videos. Current video-
based hand pose reconstruction methods primarily focus on
improving frame-wise 3D pose using adjacent frames rather
than studying consistent 4D hand trajectories in space. De-
spite the additional temporal cues, they generally underper-
form compared to image-based methods due to the scarcity
of annotated video data. To address these issues, we re-
purpose a state-of-the-art image-based transformer to take
in multiple frames and directly predict a coherent trajec-
tory. We introduce two types of lightweight attention lay-
ers: cross-view self-attention to fuse temporal information,
and global cross-attention to bring in larger spatial con-
text. Our method infers 4D hand trajectories similar to

* Equal contribution.

the ground truth while maintaining strong 2D reprojection
alignment. We apply the method to both egocentric and al-
locentric videos. It significantly outperforms existing meth-
ods in global trajectory accuracy while being comparable
to the state-of-the-art in single-image pose estimation.

1. Introduction

Consider the video frames shown in Figure 1. One can
infer not only the articulation of the hand (3D pose) de-
picted in every frame but also understand the hand motions
across frames and in space. For example, in the bottom
row of Figure 1, we understand that the hand extends to-
wards the drawer and then retracts along a nearly identi-
cal path. The ability to infer 4D hand trajectory (3D space
plus time) is important for many downstream tasks, such as
reasoning about hand-object interactions in a global scene
[40], AR/VR applications [47], and imitation learning in
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robotics [1, 61]. Unfortunately, despite impressive progress
in hand pose estimation that infers frame-wise 3D pose, cur-
rent methods still struggle to coherently put the hands into a
global 3D space. In this work, we address this problem with
a system that can infer coherent 4D hand trajectory and pose
from monocular videos.

While no prior work is dedicated to direct 4D hand
trajectory prediction, common practices often involve first
predicting per-frame 3D hand poses, ‘lifting’ them to a
world coordinate system, followed by test-time optimiza-
tion [9, 22, 44]. The de-facto lift method uses a weak-to-
full perspective transformation (Weak2Full) [46, 51], which
places the predicted hand at a certain distance given the
camera intrinsics and predicted scale (Sec. 3.1). However,
we find that this operation introduces a large error in 4D mo-
tion, and that even post-processing optimization struggles to
correct it. An alternative lift approach uses estimated depth
[2, 60] but occlusion of the hand from object or scene inter-
action, or from the other hand, makes the induced trajectory
inaccurate. One alternative philosophy is to consider the
more holistic task of full body estimation in 4D and then
the hands are defined relative to the body [54, 69]. Unfortu-
nately, this requires the full body to be largely visible which
is typically not true for videos focusing on hand manipula-
tion and egocentric video.

In contrast, we formulate the problem as a 4D inference
problem from video and leverage an implicit data-driven
prior. Given a video sequence as input, we output MANO
[50] hand parameters with the wrist in global coordinates.
Unlike hand-designed lifting, our approach better captures
prior information about hand motion and does not rely on
explicit full-body estimation. Our approach, along with the
concurrent works of [72, 74], is among the first to present
a feed-forward method for estimating consistent 4D hand
trajectories from monocular video.

The problem, however, is the lack of training data con-
taining video paired with 3D hand annotations in global co-
ordinates. While some such data exists, it is much scarcer
and less diverse than image-based training data. To address
this limitation, our key idea is to heavily leverage the single-
image data in terms of both models and training data. We
then incorporate video training data in such a way that we
need significantly less data than if we trained the 4D infer-
ence with video alone. Specifically, we repurpose the state-
of-the-art image-based hand pose estimator [46] to incorpo-
rate video inference by injecting two types of lightweight
attention layers (Fig. 2). The first is a cross-view self-
attention layer that sees across multiple frames to lever-
age temporal cues. The second is a global-context cross-
attention layer that sees the original frames (from which
the input hand images are cropped) to gain a larger field-
of-view of the scene. By design, the network allows both
video and images as input — when the input is an image,

the cross-view attention simply degrades to attending to it-
self. This allows us to intersperse both small-scale video
data and large-scale image data in training batches. In this
way, our new model, called HaPTIC, maintains the robust-
ness and generalization ability of single-image methods but
enriches them with temporal information from video.

We evaluate HaPTIC on both allocentric and egocentric
videos. We analyze the drawbacks of the prevalent prac-
tices, including when and why they fail. HaPTIC signif-
icantly outperforms all other potential candidates in terms
of global trajectory accuracy. It also provides a better ini-
tialization for test-time optimization. We carefully ablate
our method to analyze our design choices. When HaPTIC
serves as an image-based pose estimator, we find that it
even outperforms the state-of-the-art image-based method
in terms of per-frame hand pose 2D alignment. Finally,
we show the generalization ability to in-the-wild videos and
images by presenting more qualitative results.

2. Related Work

Image-Based Hand Pose Estimation. There is a rich
body of work tackling hand pose estimation from im-
age input and typical approaches can be categorized into
template-based methods [51, 75] and template-free meth-
ods [32, 35, 36, 41, 59, 76]. Both benefit from diverse
large-scale annotated data [26, 42, 46, 64, 78] and foun-
dational backbones [8, 20, 23]. While these methods per-
form effectively on single image frames, their predictions
are all in the canonical local frame of the hand. Their pre-
dictions can be reprojected back to each video frame but do
not induce coherent 4D trajectories in space. Yet, we be-
lieve that these models can establish a solid foundation for
video-based hand estimation. Specifically, our work is built
upon the state-of-the-art image model, HaMeR [46], which
is a large transformer trained on large-scale datasets to pre-
dict the parameters of a 3D hand model (MANO [50]).

Video-Based Hand Pose Estimation. Hand tracking in
3D has a long history and is central to many applica-
tions. To get the most reliable tracking, methods rely
on specialized hardware like IMUs or magnetic sensors
[5, 10, 15, 63]. Multi-camera video systems can also pro-
vide pseudo ground truth [11, 30, 42, 62]. While recent ap-
proaches reconstruct hand motion from monocular videos
[22, 37, 38, 44, 68, 72], these methods are based on test-
time optimization using a learned prior, which is time-
consuming; they can take a couple of minutes to hours to
process clip of a few seconds. There are a few feed-forward
video-based methods [11, 13, 29, 34, 65] but these are not
as robust or general as the single-image methods due to a
lack of annotated video training data. More importantly,
they focus on improving local pose and do not tackle the
problem of global trajectory estimation. Dyn-HaMeR[72]
and HaWoR[74] are two concurrent works that both recov-



CE—

i
-
T
.E‘r_ 0
N

Hand Crop  Full Frame  Transformer Decoder x M

[L!/\][J_!A]

t

=M

t

O 6.8
MANO ' Learnable query token
Layer .

-

, ]
FFN

Cross-view SA§
C
A

J

FuII Frame

~

X
O suxy Hand Crop ]

Inside One Transformer Decoder

Figure 2. Overall pipeline (left): HaPTIC extends image-based model HaMeR. HaPTIC takes in M frames at a time and passes them
through image towers that share weights. Each image tower outputs MANO parameters in local coordinate, and trajectory parameters
d, u,y that directly places the predicted local hand to global 4D trajectory. Inside one image tower (right): The image tower is based
on transformer decoder. For each block, we add a cross-view self-attention layer (Cross-view SA) to fuse temporal information from
other frames and a cross-attention (Global CA) to features of the original frames. Orange indicates new components introduced by ours

compared to HaMeR.

ers global pose. Dyn-HaMeR is an optimization approach
that takes 10 min for an 128 frames while ours only takes
4s. HaWoR explores genrative motion prior to infer motion
sequence. Our approach is a feed-forward method that can
behave as both image and video model, with its architecture
specifically tailored to the limited availability of video data.

4D Whole-Body Reconstruction. 4D whole-body trajec-
tory estimation in global space has seen recent attention, ei-
ther using feed-forward predictions [31, 45, 54, 58, 71, 73],
or global optimization [16, 17, 57, 67] that decouples hu-
man motion from camera motion [52] using learned human
motion prior [48]. These methods could potentially place
hands in global coordinates by explicitly attaching the hand
pose to the wrist. However, this requires the full body to be
largely visible, which is often not the case in videos focus-
ing on hand manipulation and egocentric videos. Instead of
leveraging whole body pose as a form of explicit global con-
text, the global spatial cross-attention in HaPTIC provides
the implicit context of the scenes and humans. We show that
even when the full body is visible, our method outperforms
the state-of-the-art method [54] in this category.

Adapting Image-Based Models to Videos. We are in-
spired by the idea in generative Al that upgrades pretrained
single-image models [7, 28, 49] to other modalities through
lightweight adaptation. Image-based models are upgraded
to video generative models via multi-frame hierarchical
training [24], spatiotemporal factorization [56], video noise
priors [18], and temporal attention combined with 3D con-
volutional blocks [3, 4]. Image models are similarly ex-
tended to 3D generation [14, 25, 39, 53] by introducing
multi-view consistency or geometry-guided attention mech-
anism. In our work, we repurpose a pretrained single-image
hand estimator to take in multiple frames. Importantly, this
allows us to train on both video and image datasets.

3. Method

Given a monocular video with detected hand bounding
boxes {I;, B;}]_,, HaPTIC infers hand articulations and
their 3D locations in the camera coordinate system in a
feed-forward manner. We first revisit the preliminary para-
metric hand model MANO and analyze why the de-facto
approach for uplifting is undesirable (Sec. 3.1). We then
introduce our simple yet effective parameterization of hand
trajectory (Sec. 3.2). Finally, we describe our network ar-
chitecture that predicts hand trajectories and explain our de-
sign choices, which address the problem of limited video
training data (Sec. 3.3 and 3.4).

3.1. Preliminaries: MANO and Weak2Full

Like prior work [13, 46, 51], we use the parametric hand
model, MANO [50]. MANO takes a 48-dim pose parameter
vector 6, including finger articulation and wrist orientation,
as well as 10-dim shape parameter vector 3 and it outputs a
hand mesh surface M' (6, 3) and hand joints J!(, 3). Su-
perscripts, [, denote coordinates in the local MANO frame.

Weak-to-Full Perspective. In order to overlay the pre-
dicted (local) hand mesh onto the input image crop,
prior work also predicts a weak-perspective camera, which
projects a 3D point by scaling and translating the xy com-
ponents, X;y = in,y + ug,,, where superscript ¢ de-
notes coordinate in the image frame. Note that although
this results in 2D image alignment, a weak-perspective cam-
era does not give the 3D position in the camera space
X¢. To obtain a 3D position, the widely adopted ap-
proach is to use weak-to-full perspective transformation
(Weak2Full) [19, 22, 27, 33, 46, 51]. It uses an assumed
focal length f as input and places the hand at a distance
such that the re-projection of the transformed hand is ap-
proximately at the predicted scale under that assumed per-
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Figure 3. Toy example of Weak2Full transformation: The
predicted scale s of both yellow and red hands are only 6% off the
blue hand. Their reprojections appear similar yet the 3D position
induced by Weak2Full varies a lot with large focal length.

spective cameras X ¢ = X!+ (Ug, Uy, I/s).

What’s wrong with Weak-to-Full? Looking closely at the
offset in the Z-axis, f/s, in the Weak2Full process, we no-
tice that the error in the predicted scale s affects the 3D
location (4D trajectory for videos). As shown in Fig. 3, the
trajectory is more prone to error in the predicted scale when
the focal length is larger. Furthermore, even with optimal
scales, different estimates of the focal length induce differ-
ent motions in 3D space.

3.2. Parameterize 4D Hand Trajectory

In contrast with the Weak2Full transformation that param-
eterizes hand trajectory with scale and focal length, i.e.
Weak2Full ({w, ¢, wy 1, 8¢, f1 }1—1), we advocate for directly
representing hand trajectory in the metric space, which is
actually the most natural motion parameterization. Specifi-
cally, we simply predict change of depth relative to the first
frame: X¢ = X' + (ug,uy, Ad + dy). dy is the estimated
offset from the first frame, either from the Weak2Full trans-
formation on the first frame or from depth prediction. We
predict metric depth change, which is invariant to the dis-
tance to the camera, instead of absolute metric depth be-
cause of depth ambiguity — it is hard to tell if the hands
are 5m away or 5.5m away but easier to infer that hand is
moving by 5cm between frames. We learn a network to pre-
dict these parameters Ady, u,, + along with 6, directly from
video input.

3.3. Repurpose Image-Based Model for Videos

Training a generalized video model from scratch requires a
lot of data. Due to the lack of 3D annotated video data, we
choose to extend the state-of-the-art hand pose image-based
model (HaMeR) and design our network architecture to best
leverage the existing model. We then finetune its weights to
repurpose it into a video model.

Multi-Frame Siamese Network. HaPTIC, like HaMeR,
is also a transformer-based model. Instead of taking a hand
crop from a single image, we modify the network to take
in M crops at a time, along with their full frames (Fig. 2

left). Each frame is processed in a Siamese-network man-
ner (sharing weights). The network is adapted from HaMeR
with two types of lightweight adaption layers to fuse in-
formation among frames. In addition to the original pre-
diction heads to output MANO parameters 6, 3 and weak-
perspective cameras parameters s, U ,, we introduce an ad-
ditional prediction head to predict metric depth change in
order to uplift local hands to global hand trajectory.

Light-Weight Adaption Layers. FEach frame (and crop)
is first passed to a ViT backbone, followed by a transformer
decoder. As shown in Fig. 2 right, inside each block of the
transformer decoder, we insert a cross-view self-attention
(SA) layer and a global cross-attention (CA) layer after the
original CA layer. The cross-view SA layer fuses temporal
information from other frames. We add a positional encod-
ing of the frame number in this layer. Since hand crops
alone discard global information, the global cross-attention
layer takes in a larger-view context by attending to the full-
frame ViT features. The overall architecture only adds 4%
new parameters. We initialize the new attention layers to
output zero such that the new layers do not destroy the pre-
trained structures at the start of training.

Generalize to Image Reconstruction. While HaPTIC is
designed for video reconstruction, it can naturally incorpo-
rate single images as input without any modification. In
such a case, cross-view SA only attends to its own frame.
The image-mode inference can simply be achieved by a re-
shape operation.

3.4. Learn with Interspersed Video and Image Data

We believe that generalization ability of video models can
be achieved by training on diverse image datasets with only
limited video data. For each training batch, half of the
batch comes from video datasets and is trained in video
mode, while the other half comes from image datasets and
is trained in image inference mode.

Losses. We leverage the best practices for parametric hand
pose estimation from images and supervise the model with
a combination of 4D (video), 3D, and 2D losses.

We supervise the predicted hand trajectories of length
M in a global space with the ground truth joints in global
coordinates: Lyp = Zt]\il || J¢—J¢||1. Note that this global
supervision sounds demanding but global coordinates are
actually present in most multi-view capture datasets. We
align joint trajectories by the root joint in the initial frame.

The rest of the losses follow the recipe of training image-
based hand pose reconstruction. We directly supervise hand
pose in the local frame in 3D space, including consistency
of MANO parameters and 3D hand joints: L3p = ||J! —
JU|1+6—8|2+]|8—8]|2. We also supervise the network
with 2D keypoint reprojection loss: Lop = |5 —7]|1. Lastly,
2D keypoint consistency alone may lead to unrealistic 3D



. ARCTIC-EXO DexYCB ARCTIC-EGO
Local Pose Uplift
GA-MPJPE FA-MPJPE ACC-NORM GA-MPIJPE FA-MPJPE ACC-NORM GA-MPJPE FA-MPJPE ACC-NORM

HaMeR Weak2Full 7.88 21.79 81.19 3.28 12.66 14.39 291 5.53 11.95
HaMeRt Weak2Full 5.53 13.29 30.09 1.93 9.78 4.42 3.48 9.23 9.62
HaMeR{ ZoeDepth 3.28 10.09 1.83 4.93 20.51 1.32 2.95 5.60 1.57
HaMeR{ DepthAnythingV2 3.37 10.99 1.84 4.95 20.59 1.32 545 9.32 1.63
HaMeR{ WHAM 4.79 14.41 243 - - - - - -
ArcticNet-LSTM ~ Weak2Full 7.41 16.78 6.06 - - - 2.90 4.61 5.24

HaPTIC (Ours) 1.88 4.49 1.48 1.80 5.80 1.70 2.39 4.49 1.34

Table 1. Comparison with baselines. We compare our method with different uplifting baselines on two allocentric datasets (ARCTIC-
EXO and DexYCB) and one egocentric dataset (ARCTIC-EGO). We report trajectory errors in GA-MPJPE, FA-MPJPE, and ACC-NORM.
1 denotes finetuned models on top of the publicly released HaMeR. Among them, dark yellow marks the best results and light yellow marks

the 2nd best ones.

poses. To encourage the generated hands to look realistic,
we use an adversarial loss following prior work [19, 46]:

»Cadv = (D(e’ﬁ) - 1)2

4. Experiments

We train our model a combination of 5 video datasets and
10 image datasets and evaluate the performance of the our
model in terms of 4D trajectory (Sec. 4.1) and 3D poses
(Sec. 4.2). We evaluate our model on two allocentric
datasets [0, 11] and one egocentric dataset [11]. In Sec. 4.3,
we analyze the effect of our network design. Qualitative re-
sults on in-the-wild results from both videos and images are
further shown in Sec. 4.4 and the Suplemental Video.

Training Data and Setup. We train and evaluate our model

on the following datasets:

* DexYCB [6] is an allocentric video dataset captured by
multiple calibrated cameras. It features humans handling
rigid objects on cluttered tables. Each sequence is 2-3
seconds long. We use the standard sO split.

* ARCTIC [11] provides both allocentric (-EXO) and head-
mounted (-EGO) views of bi-manual manipulation of ar-
ticulated objects. Each sequence is ~30 sec. We evaluate
on the official subject-wise test split.

* Combination of image data: Our auxiliary image dataset
is the same as the HaMeR training set, which consists of
10 datasets [6, 12, 21, 26, 30, 42, 55, 64, 77, 78].

¢ Other video data for training: This includes the 4 datasets
from the auxiliary image dataset that have 3D world coor-
dinate annotations [6, 21, 30, 42], as well as the ARCTIC
dataset. The previous four are all allocentric, while only
ARCTIC also contains egocentric views.

We set the winow size of our model to 8, i.e. M = 8. Dur-

ing training, we augment the frame rate up to 6 fps to ac-

commodate different speeds of hand motion. At test time,
we use a sliding window with a 1-frame overlap to process
long videos. More implementation details are in Sup. Mat.

Baselines. While there is a plethora of work to estimate per-
frame (local) hand poses, there are no direct baselines that
reconstruct 4D hand trajectories in a feed-forward manner.

Therefore, we compare with common practices and possible

alternatives to uplift local poses to 4D. The local hand poses

for all baselines are from the same state-of-the-art image-
based hand pose estimator [46] since local pose is not the
main focus of our paper. For a fair comparison, we also

finetune the released HaMeR further, denoted as f.

* We first compare with the most commonly used uplift
method, Weak2Full, with unknown camera intrinsics,
which we set to the diagonal length of the image [33, 54].

* Metric depth computed using a monocular depth estima-
tor can also be used to uplift local hand pose. We use
ZoeDepth [2] or DepthAnythingV2 [66] to predict pixel-
wise metric depth map and solve for the optimal 3D offset
that align it with the predicted hand surface from the local
hand pose.

* WHAM [54] estimates body pose in global coordinates
without hand pose. We use WHAM’’s estimated wrist ori-
entation and location to uplift estimated local hand artic-
ulation. Since WHAM requires most of the body to be
visible, this method only applies to ARCTIC-EXO.

Evaluation Metrics. We use metrics from whole-body
pose estimation [54, 70, 73] to evaluate 4D pose trajectory.
In contrast to aligning poses per frame, GA-MPJPE glob-
ally aligns hand joints at all frames within one sequence be-
fore calculating its Mean Per Joint Position Error (MPJPE).
FA-MPJPE aligns the whole hand pose trajectory only us-
ing the pose in the first frame. ACC-NORM computes ac-
celeration error compared with ground truth for each joint.
The first two metrics evaluate trajectory quality globally
while ACC-NORM focuses on local trajectory from adja-
cent frames. See Sup. Mat. for evaluation details.

4.1. 4D Trajectory Reconstruction

We report quantitative comparisons on three datasets in Ta-
ble 1 and visualize the results in Fig. 4.

While finetuning the general HaMeR model further im-
proves its own performance, the Weak2Full transforma-
tion produces significant jitter in global space. This hap-
pens even when ground truth intrinsics are given. Our re-
sults highlight that trajectories from Weak2Full are sensi-
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Figure 4. Qualitative comparison. We compare our approach qualitatively with other feed-forward baselines on all of three datasets. We
show the first, middle, and last frames of an input video. We visualize hand root trajectory as red curves and five poses along time in a
global coordinate viewed from the side. Poses from previous frames are visualized with transparency while the last frame reconstructions
are opaque. We only visualize the right hand for clarity but all methods can reconstruct both the left and right hand. We encourage readers

to see results in videos on our website.

tive to camera intrinsics. The error becomes even bigger
with a large focal length (ARCTIC-EXO). Weak2Full only
performs well in terms of global alignment of trajectory
(GA/FA-MPIJPE) under the egocentric setting with ground
truth intrinsics after finetuning. This is because the ego-
centric camera has a smaller focal length and, when hands
are closer to the camera, it is reasonable to estimate hand
distance by using its scale. However, when the intrin-
sics deviate from ground truth, the trajectory induced from
Weak2Full degrades.

Uplifting by metric depth prediction gives a smoother
trajectory (lower acceleration error). However, it does not
perform well with occlusions, which are present in the more
cluttered scenes in DexYCB or due to hand-object interac-
tions on ARCTIC-EGO. With better metric depth prediction
[66], interestingly, we find limited improvement in exocen-
tric view and, surprisingly, even some degradation in ego-
centric view. This is probably because recent progress in
depth estimation mostly focuses on sharper edges on natu-
ral or indoor images.

Global human body poses from WHAM only work when
the person is largely visible, thus this approach cannot be
used on DexYCB or egocentric videos. On ARCTIC-EXO,
it still does not perform well because the method is opti-
mized to predict the body’s root trajectory instead of trajec-
tories of distal extremities.

In contrast, while HaPTIC is able to predict equally
good 2D alignment (Fig. 1, 6 and Sup. Mat.), Fig. 4 shows
that our global trajectories are more consistent with ground
truth. Quantitatively, HaPTIC is among the top two meth-
ods across all metrics on all datasets.

GA-MPJPE FA-MPJPE ACC-NORM PA-MPJPE

Weak2Full-GT + Opt. 4.38 10.90 1.14 0.54
ZoeDepth + Opt. 3.75 9.16 0.92 0.68
HaPTIC (Ours) + Opt. 2.28 5.69 0.90 0.51

Table 2. Comparison with test-time optimization. We compare
trajectories after optimization when they are initialized from dif-
ferent baselines on a subsplit (Oth view) of ARCTIC-EXO.

Weak2Full ZoeDepth Ours

Input GT

Before Opt.

Sy

=

After Opt.

134)

After Opt. Before Opt.
@

Figure 5. Qualitative comparison of optimization: We com-
pare results before and after optimization with trajectories initial-
ized from baselines and HaPTIC. The optimized trajectories are
smoother but optimization struggles to correct global error.

Relation to Concurrent Work. HaWoR [74] is a concur-
rent work that learns a generative prior to directly predict
hand motion in the world space. We predict in the camera
3D space, which is same with the world space when cam-



Method New Days VISOR
@0.05 @0.1 @0.15 @0.05 @0.1 @0.15
FrankMocap [51] 16.1 414 602 16.8 456 66.2
METRO [36] 147 388 573 16.8 454 657
MeshGraphormer [35] 16.8 42.0 59.7 19.1 485 674

HandOccNet (param)[43] 9.1 284 478 81 277 493
HandOccNet (no param) [43] 13.7 39.1 593 124 387 61.8
HaMeR [46] 48.0 78.0 888 43.0 769 89.3
HaPTIC (Ours) 48,6 79.0 899 468 79.5 90.9

Table 3. Evaluation of single image pose. We report PCK at dif-
ferent thresholds on benchmark HInt. We compare HaPTIC with
multiple image-based hand pose estimation baselines.

Method ARCTIC-EXO DexYCB ARCTIC-EGO
PA-MPIJPE RA-MPJPE PA-MPIJPE RA-MPJPE PA-MPJPE RA-MPIJPE
ArcticNet-LSTM 1.03 2.29 - - 1.04 2.38
Deformer - - 0.52 1.36 - -
HaMeR 0.63 1.34 0.42 0.92 0.71 1.54
HaPTIC (ours) 0.62 1.40 0.44 0.93 0.72 1.52

Table 4. Evaluation of single image pose. We report PA/RA-
MPIJIPEG where poses are aligned per-frame.

eras are static. On DexYCB, their GA/FA-MPJPE is 2.98
and 9.38, respectively. It suggests HaPTIC produces better
hand motion in allocentric views or under static cameras.

Test-Time Optimization. Can test-time optimization im-
prove jittery trajectories from feed-forward methods? We
further optimize the predicted trajectories for 1000 itera-
tions on a subset (view 0) of ARCTIC with respect to 1)
reprojection error to ground truth 2D keypoints, 2) acceler-
ation, and 3) differences to the original prediction. Table 2
and Fig. 5 show that it is possible to make the predicted
trajectory smoother but is much harder to correct global
motions even with GT 2D keypoints. In comparison, the
motion prior learned by HaPTIC provides a better initial-
ization for test-time optimization. PA-MPJPE stands for
Procrustes-Aligned pose error.

4.2. Image-based Estimation

While HaPTIC is designed for 4D hand trajectories from
videos, it generalizes to predict 3D hand poses from sin-
gle images when video input is not available. Table 3 re-
ports PCK at different thresholds on the HInt [46] bench-
mark. They are out-of-distribution datasets. The single-
image hand predictions from HaPTIC outperform HaMeR
and other baselines, whose margin is even more significant
on occlusion subsplit (see Sup. Mat.). It is probably because
the global CA layers are trained to capture full-frame con-
text to infer hand poses, allowing plausible estimates even
when the hand is occluded or blurry. We also report com-
parable 3D hand pose performance on other image-based
benchmark [21] in Sup. Mat..

4.3. Ablation Study

In Table 5, we analyze the effect of our design choices
by comparing variants of our models that train and test
on one allocentric view in ARCTIC-EXO. When we only

GA-MPJPE FA-MPJPE ACC-NORM PA-MPJPE

No Image Data 2.34 5.52 1.68 0.55
No Cross-View SA 2.82 6.63 141 0.65
No Global CA 2.25 5.12 1.62 0.54
Flip Order 2.20 5.23 1.62 0.53
Full Model 1.83 4.27 1.59 0.54

Table 5. Ablation studies. We compare our full model with vari-
ants that do not mix training batch with image data, do not have
one of the attention layers, or have attention layers with flipped
order on one view of ARCTIC-EXO.

train on video datasets without auxiliary image datasets,
the model does not generalize well to the test split prob-
ably because the appearance of video training data is not
diverse enough. Without cross-view attention (No Cross-
View SA), the global trajectory performs the worst as it can-
not fuse information from adjacent frames. Without attend-
ing to the global frame (No Global CA), the trajectory is
less smoother (higher ACC-NORM) probably because the
original frame, which varies less than hand crops in a se-
quence, stabilizes the predictions. We also try flipping the
order of the two attention layers in the transformer decoder
and find that the current design leads to the optimal global
trajectory.

Crop SubSplit Method @0.05 @0.1 @0.15
Conter / Side HaMeR  442/44.7 78.4/76.7 90.6/ 88.7
ente ® HaPTIC 47.7/459 80.3/78.7 91.8/89.9
Flat / Sauare HEMER  46.9/42.1 79.2/75.9 90.6/88.8
q HaPTIC ~ 49.5/44.2 80.9/78.3 91.4/90.3
Sipel /Mg HaMeR 50.8/45.8/357 823/79.1/69.8 923/90.9/84.7

HaPTIC 54.3/47.9/37.5 84.8/81.0/71.5 93.8/91.9/85.9

Table 6. Robust to Hand Crops: HInt-VISOR test set is split by
hand crop size, aspect ratio, and location.

Variation of Hand Crop. We break down the results of
Table 3 in Table 6, based on the location, aspect ratio and
size of the hand crops. HaPTIC outperforms HaMeR re-
gardless of the crop variations. We also show in Sup. Mat.
that HaPTIC is more robust to occluded joints.

4.4. In-the-Wild Results

Finally, we show more qualitative results in Fig. 6, includ-
ing predictions from in-the-wild videos (top) and single im-
ages (bottom). HaPTIC can handle different hand sizes and
different camera viewpoints. It can handle fast hand mo-
tions like drumming (row 5) while it correctly predicts the
holding hand being static (row 2). The reconstruction also
includes challenging cyclic motions like whisking (row 4).
In the bottom row of Figure 1, the reconstructed hand tra-
jectory desirably follows a straight line back and forth. The
image reconstruction results show good 2D alignment of
hand pose, even with severe hand truncation. We encourage
readers to see Sup. Mat. videos.
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Figure 6. Qualitative Results. We show more qualitative results of our general model HaPTIC. Upper: Given videos from various datasets
or from the Internet, we show reconstructed hand pose and trajectory from the original image view and from two side views. Lower: Given
single images from the HInt dataset or the Internet, we show reconstructed poses from the original image view and side views.

5. Conclusion

In this work, we present HaPTIC, the first feed-forward
method to predict 4D hand trajectory in global coordinates.
To address the issue of limited video training data, we adapt
a high-quality image-based model with novel attention
layers and train it on both video and auxiliary image
datasets. The adaption is simple and effective, including

two types of attention and an additional prediction head.
While we have achieved state-of-the-art results, the method
assumes a reliable 2D hand tracking system. An interesting
direction would be jointly tracking and reconstructing.
Another possible direction is to infer hand trajectory
in the world instead of camera coordinates. We hope
that HaPTIC can serve as a useful tool for downstream
tasks like hand-object interaction, robotics, and AR/VR.
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