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Uni-Hand: Universal Hand Motion Forecasting in
Egocentric Views

Junyi Ma , Wentao Bao, Jingyi Xu , Guanzhong Sun , Yu Zheng , Erhang Zhang , Xieyuanli Chen ,
and Hesheng Wang , Senior Member, IEEE

Abstract—Forecasting how human hands move in egocentric
views is critical for applications like augmented reality, human-
robot policy transfer, and service/assistive technologies. Recently,
several hand trajectory prediction (HTP) methods have been de-
veloped to generate future possible hand waypoints, which still
suffer from insufficient prediction targets, inherent modality gaps,
entangled hand-head motion, and limited validation in downstream
tasks. To address these limitations, we present Uni-Hand, a univer-
sal hand motion forecasting framework considering multi-modal
input, multi-dimensional and multi-target prediction patterns, and
multi-task affordances for downstream applications. We harmo-
nize multiple modalities by vision-language fusion, global context
incorporation, and task-aware text embedding injection, to forecast
hand waypoints in both 2D and 3D spaces. A novel dual-branch
diffusion is proposed to concurrently predict human head and
hand movements, capturing their motion synergy in egocentric
vision. By introducing target indicators, the prediction model can
forecast the specific joint waypoints of the wrist or the fingers,
besides the widely studied hand center points. In addition, we
enable Uni-Hand to additionally predict hand-object interaction
states (contact/separation) to facilitate downstream tasks better.
To incorporate comprehensive downstream task evaluations in the
literature, we build novel benchmarks to assess the real-world
applicability of hand motion forecasting algorithms. The exper-
imental results on multiple publicly available datasets and our
newly proposed benchmarks demonstrate that Uni-Hand achieves
the state-of-the-art performance in multi-dimensional and multi-
target hand motion forecasting. Extensive validation in multiple
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downstream tasks also presents its impressive human-robot pol-
icy transfer to enable robotic manipulation, and effective feature
enhancement for action anticipation/recognition.

Index Terms—Hand motion forecasting, hand trajectory
prediction, egocentric vision, diffusion models.

I. INTRODUCTION

PREDICTING human behaviors over future time horizons
is critical for applications such as augmented reality and

human-robot interaction. As an important interface for human-
environment interaction, the human hand offers valuable mo-
tion knowledge that facilitates various downstream tasks in
embodied intelligence [1], [2], [3], [4]. However, despite sig-
nificant progress in other human behavior anticipation tasks
like predicting gaze locations [5], [6], [7], [8], and interaction
regions [9], [10], [11], forecasting fine-grained human hand
motion still remains challenging. To align better with hand
movement patterns and potential intentions from a human per-
spective, some egocentric-vision-only hand motion forecasting
(HMF) approaches [12], [13], [14], [15] have been developed
in recent years. They receive past human egocentric (first-
person) observations and directly predict future hand trajecto-
ries in the specified reference frame. However, these methods
exhibit significant limitations that hinder their further perfor-
mance improvement and effectiveness in possible downstream
applications:
� Insufficient prediction targets: The existing hand motion

forecasting paradigms exclusively concentrate on the gen-
eration of future hand centers (of the potential bounding
boxes) as target motion waypoints [14], [15], [16]. Despite
its necessity for providing hand movement trends, these
methods basically overlook how different joints of the
fingers and wrist move in 2D and 3D spaces. Besides, they
do not involve locating the precise timings when the hand
will make contact with and separate from target objects.
Therefore, there is a lack of sufficient motion knowledge
in future time horizons for practical deployments, such as
human-robot manipulation policy transfer.

� Modality gaps: Existing HMF paradigms predominantly
operate on 2D egocentric video inputs, without explicitly
incorporating metric-scale 3D spatial observations. While
some prior works have shown that temporal modeling,
pose estimation, and learned priors can partially infer
potential 3D dynamics/structural information from
2D inputs [16], [17], [18], [19], relying only on 2D
visual cues without access to raw 3D perception may
introduce geometric ambiguity in fine-grained 3D motion
forecasting and physically grounded interactions. In
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addition, the absence of textual modality interfaces
prevents explicitly incorporating known human intentions
or instructions. It also exacerbates the discrepancy between
the HMF model optimization and possible deployments
in language-conditioned downstream tasks.

� Lack of prediction-level head motion conditioning: Human
hand motion is closely linked to whole-body kinematics,
where the head movement is its most straightforward con-
current motion to provide visual observations. Understand-
ing how the head moves benefits hand motion forecasting.
While prior works [15], [16], [18] encode past headset
camera egomotion into hand state transition to couple
head and hand features, they do not explicitly forecast
future head motion to explicitly condition hand motion
prediction. This impairs the prediction models’ ability to
comprehend future hand motion patterns in the egocentric
view of incoming hand-head cooperation.

� Limited validation in downstream tasks: The existing HMF
frameworks aim to reduce the errors between predicted
waypoints and ground-truth human demonstrations. While
this objective is well-justified, their capability to support
downstream tasks should be further analyzed in this lit-
erature. Transferring human actions to robotic manipula-
tion has captured substantial attention nowadays owing
to the high accessibility of human demonstrations [1],
[20]. In line with this trend, evaluating HMF models via
robotic manipulation is particularly natural, as the pre-
dicted human hand trajectories from videos can be directly
mapped to robot end-effector action planning, providing
an interpretable HMF assessment for physical plausibility.
Therefore, exploring the transferability of HMF models
to robotic manipulation tasks warrants significant research
attention. In addition, predicted hand motion contains
rich human behavior semantics, which are strongly corre-
lated with action categories. In contrast to designing task-
specific ad-hoc decoders [12], [13], how predicted hand
motion features directly enhance the existing framework of
downstream action category anticipation and recognition
needs to be extensively explored.

To address the above limitations, we propose a universal hand
motion forecasting framework, dubbed Uni-Hand. As illustrated
in Fig. 1, Uni-Hand absorbs multi-modal inputs to achieve
multi-dimension/-target hand motion prediction, and effectively
provides multi-task affordances for downstream applications. To
extend the prediction targets, Uni-Hand introduces target indi-
cators in denoising diffusion to forecast hand centers or specified
joints in both 2D and 3D space. It also integrates an additional
interaction state decoder to locate the timings of hand-object
contact and separation events. We therefore present a more
flexible HMF solution compared to the existing paradigms [13],
[15], [18] that only attend to hand center prediction. To narrow
the modality gaps, we incorporate multiple modalities as the
inputs including 2D RGB images, 3D point clouds, past hand
waypoints, and text prompts. This not only enhances the aware-
ness of 3D structure information in our framework, but also
provides a textual modality interface for integrating possible
language instructions in real-world robotic applications. To ad-
dress the lack of prediction-level head motion conditioning,
we design a dual-branch diffusion to concurrently forecast head
and hand movements, explicitly capturing their synergy for more
accurate HMF. Ultimately, for extensive validation in down-
stream tasks, we deploy our framework on multiple real-world

Fig. 1. Uni-Hand is a universal hand motion forecasting framework which
facilitates multi-dimensional and multi-target predictions with multi-modal
input. It also enables multi-task affordances for downstream applications.

robotic tasks, validating its capability to facilitate atomic skills,
language-conditioned implementations, and long-horizon tasks.
We also demonstrate its affordable motion features to improve
the off-the-shelf framework for conventional action anticipation,
early action recognition, and action recognition tasks.

In summary, the main contributions of this paper are four-
fold:
� Universal HMF framework: We present Uni-Hand, a uni-

versal hand motion forecasting framework, featuring a
versatile solution for multi-dimension/-target HMF and
multi-task affordances for downstream applications.

� Dual-branch diffusion: We propose a novel dual-branch
diffusion, which employs multi-modal information as input
to concurrently predict future headset camera egomotion
and hand movements in egocentric views.

� Hybrid Mamba-Transformer denoising: A novel hybrid
Mamba-Transformer module is designed for denoising
hand motion latents. It combines the strong temporal mod-
eling ability of Mamba and the global context-awareness of
Transformer to harmonize multi-modal features. We also
inject text embeddings into the hybrid module to facilitate
language-conditioned tasks.

� HMF benchmark: To the best of our knowledge, this is
the first HMF research considering the assessment of hand
forecasting algorithms’ effectiveness in enabling com-
prehensive downstream tasks, including robotic manipu-
lation, action anticipation, early action recognition, and
action recognition. The extensive experiments on multi-
ple publicly available datasets and our newly proposed
benchmarks demonstrate that Uni-Hand achieves SOTA
performance on 2D/3D hand motion forecasting, and can
effectively adapt to the downstream tasks.

This work is an extension of the preliminary version [21],
in which we only explored how to harmonize multiple input
modalities for hand center prediction and achieve decoupling
hand-head motion forecasting. In this study, we substantially
expand in the following ways:
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� We extend the original 3D prediction paradigm to a uni-
versal framework for multi-dimension/-target HMF and
multi-task affordances for downstream applications.

� We incorporate additional prediction targets besides hand
centers, encompassing multiple hand joints and interaction
states (contact/separation).

� A new textual modality interface (text embedding injec-
tion) is designed to enhance our model’s awareness of
specific task instructions.

� A comprehensive extension of experiments on public
datasets and our new benchmarks presents the model’s
foundation capability to facilitate downstream tasks includ-
ing real-world robotic manipulation, action anticipation,
early action recognition, and action recognition.

This paper is organized as follows. Section II reviews related
works in literature. Section III details Uni-Hand’s architec-
ture and training/inference schemes. Section IV showcases the
extensive experimental results quantitatively and qualitatively.
Section V highlights our algorithmic novelty and provides our
insights. Ultimately, Section VI concludes the paper.

II. RELATED WORK

A. Hand Trajectory Prediction in Egocentric Vision

Hand trajectory prediction (HTP) is a key component in
understanding future hand motion patterns. Given sequential
egocentric observations, HTP aims to forecast future possible
hand waypoints in the 2D image plane or 3D space. Here, the
hand waypoints denote the bounding box centers of detected
hands. Motivated by the need for scaling capabilities, some 2D
HTP approaches have been pioneeringly developed based on a
large volume of human activity videos. For example, OCT [13]
uses a Transformer [22] based encoder-decoder architecture to
jointly predict hand waypoints and object hotspots. In contrast,
Diff-IP2D [15] replaces the Transformer blocks in OCT with
egomotion-aware diffusion models, achieving better 2D HTP
performance. Similar to Diff-IP2D, EMAG [18] also innova-
tively encodes homography matrices of camera egomotion into
2D trajectory prediction with the cross-attention mechanism.
These two works make initial efforts to integrate headset camera
egomotion awareness into the 2D HTP pipeline. To further
enhance the interpretability regarding fused camera egomotion,
MADiff [16] incorporates Mamba [23] to model sequential hand
state transition, based on a new motion-driven selective scan.
Its powerful egomotion-aware Mamba block is out-of-the-box
with respect to 2D predictive tasks in first-person views. More
recently, HandsOnVLM [24] introduces a VLM scheme to
transform 2D HTP into a VQA-style task. To further validate
the applicability in real-world scenes, Bahl et al. [25] build an
affordance model and deploy it for robot data collection and
reward-free exploration.

Although 2D HTP is more scalable due to the availabil-
ity of internet-scale human videos [16], 3D HTP yields more
human-intent-aligned results. For instance, USST [14] receives
image prompts to directly generate future 3D hand waypoints
by autoregressive Transformers. EgoH4 [26] extends to body
pose estimation, predicting locations of invisible hands. In
contrast to EgoH4 focusing on whole body movements, our
recent MMTwin [21] attends to the most critical body part,
i.e., the head and hand, in hand-object interaction, forecasting
their future motion concurrently. Compared to egomotion-aware
2D HTP [15], [16], [18] that only encodes past head motion,

MMTwin builds an additional diffusion branch to predict future
head motion latents.

Despite the significant progress in the above-mentioned 2D
and 3D hand trajectory prediction, these methods basically
only determine future centers of potential hand bounding
boxes. However, the hand center constitutes an excessively
coarse-grained prediction target, incapable of representing
hand pose variations. This hinders fine-grained understanding
of human behavior in hand-object interaction. Besides, these
methods are agnostic to the potential timings of hand-object
contact and separation. Therefore, they cannot be easily
transferred to downstream tasks such as robot manipulation,
since trajectories can only determine “where to move” rather
than ”when to grasp”. In contrast, Uni-Hand proposed in this
work can forecast future 2D and 3D positions of multiple hand
joints besides center points, leading to awareness of hand pose
changes in egocentric views. We introduce target indicators
to let the denoising diffusion model distinguish different
prediction targets. Moreover, we develop an additional decoder
to forecast future interaction states, which can determine
the hand-object contact/separation periods. Thus, Uni-Hand
extends the conventional HTP literature to more informative
hand motion forecasting by enriching prediction targets, and
can practically facilitate multiple downstream applications.

B. Diffusion Models in Hand Motion Analysis

In recent years, hand motion analysis has attracted much
attention due to the informational richness of hand-centric
data for downstream tasks. While object-agnostic hand mesh
recovery [27], [28], [29], [30] and object-aware 3D HOI
reconstruction [31], [32], [33], [34] have witnessed significant
advances, synthesizing reasonable hand poses around target
objects and analyzing hand dynamics along the time axis are
more challenging. With the advent of diffusion models [35],
[36], some works such as HOIDiffusion [37], Gears [38], and
DiffH2O [39] seamlessly integrate the powerful generation abil-
ity of diffusion models to generate hand meshes from scratch.
However, they basically underestimate how the hand approaches
the target object. More recently, PEAR [40] considers analyzing
the hand motion trend during the interaction process. In contrast
to PEAR, Tang et al. [41] develop a prompt-based future-driven
diffusion model for predicting future 3D coordinates of
multiple hand joints. Despite being more fine-grained, this
method does not attend to wide-range wrist movements.
Conversely, Diff-IP2D [15] and MADiff [16] both utilize
DiffuSeq [42]-style models to forecast future wide-range hand
movements, but lose detailed joint motion as mentioned before.

This work also adapts the advanced generation ability of
diffusion models, to achieve multi-dimensional and multi-target
future hand motion forecasting. Unlike the existing diffusion-
based schemes, we propose a novel hybrid Mamba-Transformer
architecture as the denoising model to harmonize multi-modal
input. Besides, we introduce camera egomotion analysis within
the dual-branch diffusion to enable more comprehensive hand
motion understanding.

C. Downstream Tasks of Hand Motion Forecasting

As hands are fundamental to physical interaction in human
daily life, they have driven growing research interest in human-
robot policy transfer for manipulation tasks. Traditional imita-
tion learning [43], [44] techniques rely on costly teleoperation
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Fig. 2. System overview of Uni-Hand. Uni-Hand (a) converts multi-modal input into latent feature spaces, and (b) decouples predictions of future egomotion
latents (EM latents) and hand motion latents (HM latents) by a novel dual diffusion. The vanilla Mamba (VM) is used for denoising in the ego-motion-forecasting
diffusion (EMF diffusion). We further design a new denoising model in hand-motion-forecasting diffusion (HMF diffusion) with a hybrid Mamba-Transformer
module (HMTM). The predicted HM latents are ultimately decoded to future hand trajectories and interaction states.

and lack cross-embodiment generalization. In contrast, widely
available human videos already contain rich demonstrations.
They are robot-agnostic and offer transferable knowledge for
manipulation. Therefore, directly capturing human hand motion
data from egocentric or exocentric videos to guide robot policy
generation is a promising path towards embodied intelligence.
Compared to producing pretrained visual representations from
large-scale human videos [45], [46], [47], [48], extracting ex-
plicit affordances related to human hands enables more straight-
forward human-robot policy transfer. For example, OKAMI [49]
retargets the body motions and hand poses separately from a
single video imitation to humanoid robot actions. Following
OKAMI using only one video demonstration, YOTO [50] pro-
poses a proliferating strategy for one-shot teaching, enabling
more demonstrations for the bimanual diffusion policy. Instead
of relying entirely on human video data, Motion Tracks [51]
combines robot and human video demonstrations to train a mo-
tion prediction network. Compared to these imitation learning
schemes, ManipTrans [20] models the transfer process with
reinforcement learning. Wen et al. [52] design a two-stage
framework for any-point trajectory modeling, which guides
policy learning with predicted future point trajectories. More
recently, Qiu et al. [1] unify the state-action space of humanoid
embodiments and human hands for action prediction.

Inspired by these human-robot transfer strategies, in this
work, we expand the existing HMF assessment paradigm [12],
[13], [15] by evaluating Uni-Hand’s capability to support robot
manipulation tasks. That is, we directly use pretrained Uni-Hand
to generate executable trajectories and gripper actions for a real
robot. The success rates of multiple manipulation tasks highlight
its potential for real-world downstream deployments. In addi-
tion, we also present whether Uni-Hand can benefit the other
three critical downstream tasks in egocentric vision, i.e., action

Fig. 3. Architecture of the VL-fusion module. It generates HM latents for the
following HMF diffusion by fusing vision-language features, waypoint features,
and task-aware text embeddings.

anticipation [53], [54], [55], [56], early action recognition [56],
[57], [58], and action recognition [56], [59], [60], [61], [62]. The
improvement of anticipation and recognition accuracy by intro-
ducing hand motion features shows Uni-Hand’s applicability in
possible wearable assistive technologies.

III. PROPOSED METHOD

A. System Overview

Here we first provide the overall inference pipeline of Uni-
Hand in Fig. 2. Given a sequence of past egocentric observations
O = {Ot}0t=−Np+1, past waypoints of the hand center or a

specific joint Hp = {Ht}0t=−Np+1 (Ht ∈ R2 or R3), and a text
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prompt L, our proposed Uni-Hand aims to predict future hand
trajectories Hf = {Ht}Nf

t=1(Ht ∈ R2 or R3), as well as interac-
tion states Gf = {Gt}Nf

t=1(Gt ∈ {0, 1}) if needed. Np and Nf
denote the number of frames in the past and future time horizons.
Each observation Ot consists of an egocentric 2D RGB image
It ∈ Rc×h×w and 3D point clouds Dt ∈ Rn×3. The temporal
interaction state Gt = 0 indicates that the hand and target object
are physically separated, while Gt = 1 represents that they are
in contact. Following the previous works [13], [14], [15], we
forecast the future hand waypoints on a fixed reference frame
(e.g., the image plane and the camera coordinate system of the
first frame O−Np+1 for 2D and 3D HMF tasks, respectively). As
can be noted, our framework absorbs multi-modal information
to enhance the prediction model’s perceptual capability of envi-
ronments and tasks, compared to the current baselines [12], [13],
[15], [18] only using image inputs. Besides, UniHand can also
predict waypoints for multiple joints (e.g., Hj0

f , Hj4
f , and Hj8

f )
in parallel since the data from different joints can be packed into
a single batch.

Specifically, we first extract features/latents from the input
RGB images, hand waypoints, and text prompt (Fig. 2(a),
Section III-B). The VL-fusion module generates hand motion
latents (HM latents) by fusing vision-language features,
waypoint features, task-aware text embeddings, and target
indicators. The egomotion encoder computes sequential
homography matrices of the input image sequence as headset
camera egomotion, and then encodes them to egomotion
latents (EM latents). To integrate 3D structure features, the
voxel encoder converts the past point clouds to voxel patches.
Subsequently, a dual-branch diffusion model (Fig. 2(b), Sec-
tion III-C), encompassing hand-motion-forecasting diffusion
(HMF diffusion) and ego-motion-forecasting diffusion (EMF
diffusion), is tailored for concurrently predicting future HM
latents and EM latents conditioned on their past counterparts.
The EMF diffusion uses the vanilla Mamba to efficiently denoise
the noisy future latents. In contrast, the HMF diffusion adopts
our hybrid Mamba-Transformer module as the denoising model,
which consists of stacked egomotion-aware Mamba blocks and
structure-aware/task-aware Transformer. It harmonizes hand
motion modeling for egocentric vision, text embedding injection
for task-aware optimization, and global context incorporation
for 3D structure awareness. Ultimately, the denoised future HM
latents are decoded to future hand trajectories and interaction
states. We train the components of our Uni-Hand in an
end-to-end manner with multiple loss functions (Section III-D).

B. Multi-Modal Feature Extraction

1) Egomotion Encoder: Since our framework considers
modeling head motion in hand motion forecasting, we first
calculate sequential homography Mp = {Mt}0t=−Np+1 (Mt ∈
R3×3) from It to represent past headset camera egomotion
following [15], [18]. Mt denotes the homography matrix be-
tween t th frame and the first frame (t = −Np + 1) estimated
by SIFT descriptors [63] with RANSAC [64]. Subsequently,
the egomotion encoder, composed of MLPs, encodes egomotion
homography M to past egomotion features F em

p ∈ RNp×f as la-
tents for the following EMF diffusion. Note that the ground-truth
(GT) future EM latents F em

f ∈ RNf×f are obtained by encoding
the GT homography matrices Mf = {Mt}Nf

t=1 computed from
future image frames using the same egomotion encoder as for

the past frames. They only exist in the training process for
supervision and will be replaced by sampled noises F em

noise ∈
RNf×f to enable denoising-based inference in EMF diffusion
as shown in Fig. 2(b).

2) VL-Fusion Module: For hand motion forecasting, we de-
velop the VL-fusion module to generate HM latents by fusing
multiple modalities, including RGB images, past waypoints, and
text prompts. As shown in Fig. 3, here we support two types
of text prompting for different HMF applications, the univer-
sal prompt and the task-specific instruction. When the target
hand motion is task-agnostic, we advocate using the univer-
sal prompt “hand” to generate vision-language fusion features
Xvl ∈ R(Np+�)×x by the pretrained GLIP [65] following [16].
x is the feature channel dimension. � equals Nf during training,
and is set to 0 during inference since future HM latents will be
replaced by sampled noises in the inference process of our HMF
diffusion. The universal text prompt helps to semi-implicitly
capture hand poses and hand-scenario relationships within each
image through GLIP’s deepest cross-modality multi-head atten-
tion. Conversely, once the task being performed by the hand is
known, an additional task-specific instruction (e.g., “push the
block onto the cloth”) is absorbed by the VL-fusion module
to generate the text embedding X task ∈ Rx with CLIP [66] for
task-awareness in hand motion forecasting.

Moreover, we use MLPs to encode past hand waypoints to
waypoint features Xwp ∈ R(Np+�)×x, which are further con-
catenated with Xvl and tiled X task. As showcased in Fig. 3, the
additional target indicators are further concatenated with them
to designate the prediction target. The target indicators consist
of the tiled one-hot embeddings X tar ∈ Re, where e denotes the
total number of prediction targets. Ultimately, the feature com-
bos are fused by MLPs to produce the HM latentsF hm

p ∈ RNp×f

andF hm
f ∈ RNf×f for the following HMF diffusion. f represents

the channel dimension of HM latents. F hm
f only exists in the

training stage for reconstruction supervision since noisy future
latents F hm

noise ∈ RNf×f is concatenated to F hm
p in the inference

stage of the HMF diffusion. By seamlessly integrating the target
indicators into the framework, Uni-Hand identifies HM latents
of different hand centers and joints, and achieves multi-target
forecasting with the following HMF diffusion.

3) Voxel Encoder: Point Cloud Preprocessing: Uni-Hand
advances 3D structure-awareness by absorbing point cloud ob-
servations for more reasonable HMF compared to the existing
methods which only receive RGB images. The headset RGB-D
camera captures a depth image aligned with its RGB counter-
part It, which is directly transformed to the input point cloud
Dt ∈ Ot for Uni-Hand. To address the practical constraints of
computational efficiency and memory requirements, we convert
the holistic point cloud into a more compact voxelized form, as
shown in Fig. 4. Specifically, we first exploit MobileSAM [67]
to remove depth points projected to arms for eachDt. This is be-
cause arm movements generate artifact points hindering global
3D representation accuracy during the following multi-frame
aggregation. Subsequently, all the purified point clouds within
the past egocentric observationsO are transformed into a unified
global coordinate system by visual odometry. Then we aggregate
them into voxel grids to avoid disturbance of the unordered point
cloud structure, and further reduce the data volume.

Voxel Encoding: After the above point cloud preprocessing,
the voxel encoder in Uni-Hand encodes the dense 3D voxels
into a sparser representation Xvox ∈ RNvox×f through 3D con-
volutions. That is, each input point cloud corresponds to Nvox
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Fig. 4. Hand removal for purified point clouds. We regard the voxel patches
encoded by the voxel encoder as 3D global context for the denoising process in
the HMF diffusion.

voxel patches with the same channel dimension f as HM latents.
Notably, while these voxel patches share dimensional alignment
with HM latents, we do not integrate them into HM latents.
Instead, they are maintained as separate global contexts of 3D
interaction environments for the denoising model in the follow-
ing HMF diffusion. This stems from the fact that the unified
global representation of aggregated point clouds has not been
time-varying compared to sequential egocentric observations.
Merging it into time-varying HM latents is not required.

C. Dual-Branch Diffusion Model

1) Hand-Head Motion Coordination: Our proposed dual-
brach diffusion model is aimed at capturing the synergy between
hand movements and headset camera egomotion, and concur-
rently predicting future HM latents and EM latents. The hand-
head motion coordination within the future interaction process
is reflected in three aspects: 1) Hand movements often follow
head motion, as the head’s prior motion provides key visual
cues for trajectory planning (Fig. 5(a)), 2) head movements may
follow hand actions, as subconscious and faster hand motions
can lead to head responses (Fig. 5(b)), and 3) humans keep
hand movements within egocentric views to ensure accurate
target contact Fig. 5(a) and (b). We argue that predicting hand
motion agnostic to future head motion does not align with real
human behavior planning. Instead, explicitly decoupling the en-
tangled hand-head movements helps prediction models to better
understand synergy motion patterns and potential intentions of
interaction. In light of this, we propose the dual-branch diffusion
model, encompassing the EMF diffusion and HMF diffusion to
predict future EM latents (headset camera egomotion) and HM
latents (hand motion) concurrently.

Fig. 5. Examples of head movement (corresponding to camera egomotion)
and hand movement entangled during the hand-object interaction process in
egocentric views in the EgoPAT3D dataset [68]. Here we present the RGB images
and point clouds, as well as camera poses to clarify the hand-head motion trend.

2) EMF Diffusion: The EMF diffusion is developed to de-
noise future EM latents, thus obtaining future head motion
trend for the following hand motion forecasting. As shown
in Fig. 2(b), the EMF diffusion leverages Mamba [23] as the
denoising model to convert the noisy future EM latents F em

noise

to F̂ em
f ∈ RNf×f conditioned on the past EM latents F em

p . The

predicted F̂ em
f implicitly represents future head motion trend

during the interaction process. Since head motion exhibits sim-
pler dynamics than hand motion, and head motion forecasting
must be sufficiently efficient to provide conditioning signals for
hand motion forecasting, we adopt the vanilla Mamba blocks for
efficient denoising in our proposed EMF diffusion. Besides, we
omit the process of decoding the future EM latents into specific
homography matrices. This eliminates the ambiguity inherent
in selecting supervision signals for alternative homography pa-
rameterizations [69].

3) HMF Diffusion: With the predicted camera egomotion
trend, the HMF diffusion aims to forecast future HM latents,
which will be transformed into the explicit future hand trajec-
tories and interaction states by the devised decoders. As shown
in Fig. 2(b), the HMF diffusion receives past HM latents F hm

p

to predict future counterparts F̂ hm
f , conditioned on F em

p and

F̂ em
f predicted by the EMF diffusion. Here we propose a novel

hybrid Mamba-Transformer module (HMTM) as the denoising
model. As showcased in Fig. 6(a), HMTM comprises three
key components: 1) stacked egomotion-aware Mamba (EAM)
blocks adapted from MADiff [16], which employ Motion-
Driven Selective Scan (MDSS) to seamlessly incorporate ego-
motion homography features into Mamba’s state transitions, 2)
our newly designed structure-aware Transformer (SAT), which
absorbs voxel patches as 3D global context by multi-head corss
attention, and 3) task-aware Transformer (TAT), where we inject
text embeddings of task instructions into the HMF denoising
process.
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Fig. 6. Architecture of the hybrid Mamba-Transformer module. It denoises
HM latents with stacked EAM, SAT, and TAT blocks.

Stacked Egomotion-Aware Mamba (EAM): Concretely, we
first concatenate F em

p with the predicted F̂ em
f to F̂ em

pf ∈
R(Np+Nf)×f along the time dimension, leading to the holistic
feature sequence of headset camera egomotion in past and future
time horizons. Similarly, we concatenate F hm

p with the sampled
noise F hm

noise to F hm
pf ∈ R(Np+Nf)×f . Then we implement MDSS

in EAM for each denoising step of the HMF diffusion, to denoise
the future part of F hm

pf conditioned on the holistic sequential EM

latents F̂ em
pf . Therefore, we integrate egomotion-aware Mamba’s

powerful ability of temporal feature modeling, as well as head
motion awareness into Uni-Hand. It can narrow the visual gap
between the current camera view and the prediction view, and
adaptively retain critical causality across temporal sequences, as
demonstrated in the previous work [16].

Structure-Aware Transformer (SAT): The output of the
stacked EMA blocks is further processed by the structure-
aware Transformer in HMTM. SAT explicitly absorbs 3D global
contexts of interaction environments for each denoising step
of the HMF diffusion. As illustrated in Fig. 6(b), after the
standard positional/temporal encoding (PE/TE) [15], [42], we
sequentially implement multi-head self-attention (MHSA) on
HM latents F hm

pf , and multi-head cross-attention (MHCA) be-
tween the output of MHSA and voxel patchesXvox. Specifically,
for MHCA input, we use the HM latents from the preceding
MHSA and Add&Norm as the query, and let the voxel patches
Xvox be the key and value. Inspired by human perception of 3D
spatial relationships with stereo vision, Uni-Hand incorporates
voxel patches as environmental global context through MHCA
in each denoising step. This enables more plausible hand motion
forecasting thanks to the potential layout understanding and
collision avoidance from 3D structure awareness.

Fig. 7. Difference matrices of denoised future HM latents between two text
instructions, “put the blue block onto the square cloth” and “put the red block onto
the square cloth”. They are visualized as height fields. This illustration reflects
the effectiveness of our devised TAT to enhance the awareness of specific tasks
in hand feature prediction.

Task-Aware Transformer (TAT): Following the devised SAT,
the task-aware Transformer injects specific task information into
hand motion forecasting. It facilitates the model’s awareness
of specific human intentions or downstream task instructions.
As shown in Fig. 6(b), TAT has the same architecture as SAT.
However, it performs multi-head cross-attention between the
output of its MHSA and the tiled text embeddings X task of the
task instruction. We found that only merging the task-aware text
embeddings into HM latents (introduced in Section III-B2) is
not enough to facilitate generating future hand waypoints that
comply with the input task instruction. The reason could be
that the task specificity inherent in HM latents is continuously
weakened as the network depth increases and progressive de-
noising operations are performed in the HMF diffusion. We
thus need to continuously inject original task information by
MHCA to enhance the model’s task discrimination capability.
Fig. 7 illustrates the different matrices of denoised future HM
latents between two text instructions, “put the blue block onto
the square cloth” and “put the red block onto the square cloth”.
They are computed by |F̂ hm,blue

f − F̂ hm,red
f | to present the feature

difference from the two generally similar text instructions with
different key targets (blue block vs. red block). As can be seen,
after introducing the task-aware Transformer, besides only fus-
ing text embeddings into HM latents, the feature discrepancies
between the predicted future HM latents are significantly pro-
nounced. That is, TAT helps the prediction model to distinguish
different interaction tasks for more reasonable hand motion
forecasting. Its positive effect becomes more obvious in later
timings, which will directly decide how well the predicted hand
motion interacts with the target object. We will further ablate the
task-aware text embedding injection in Section IV-F. Note that
we deploy TAT in Uni-Hand only when the task being performed
by human hands is known to us. The output latents of SAT
will be directly fed to the next diffusion step in task-agnostic
HMF.

After the last denoising diffusion step in the HMF diffusion,
we obtain the denoised HM latents F̂ hm

pf . As shown in Fig. 2(b),

the future part F̂ hm
f ∈ RNf×f of F̂ hm

pf is ultimately decoded by
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the MLP-based hand trajectory decoder and interaction state
decoder to future 2D/3D hand waypoints Ĥf = {Ĥt}Nf

t=1 and
future interaction states Ĝf = {Ĝt}Nf

t=1. The denoised HM fea-
tures, predicted waypoints and interaction states, can also be
regarded as affordances for multiple downstream tasks, which
will be validated in Section IV-E.

D. Training and Inference

1) Partial Noising and Denoising: We exploit partial nois-
ing/denoising proposed by Gong et al. [42] for the training
and inference stages of both EMF diffusion and HMF diffu-
sion. Specifically, we anchor the past latents F em

p and F hm
p in

forward and reverse steps. In practice, although the EM latents
and HM latents from the past time horizons are modified by
noise corruption and denoising operations, they are manually
overridden with their initial values (obtained via Multi-Modal
Feature Extraction) after each diffusion step.

2) Loss Functions: We train Uni-Hand end-to-end, using six
losses: 1) Lem

VLB for recovering future EM latents in the EMF
diffusion, 2) Lhm

VLB for recovering future HM latents in the HMF
diffusion, 3) trajectory displacement lossLdis, 4) trajectory angle
loss Langle, 5) regularization term Lreg, and 6) interaction state
loss Lstate. We detail these losses as follows.

Losses for EMF Diffusion: To generate reasonable motion
trends of the headset camera by the EMF diffusion, we set Lem

VLB
for recovering future EM latents following the diffusion-related
loss used by [15]:

Lem
VLB =

S∑
s=2

||zem
0 − fEMF(z

em
s , s)||2 + ||F em

f − F̂ em
f ||2, (1)

where s is the index of each diffusion step, and S is the total
diffusion steps. zem

s is the latent after the s-th denoising step.
fEMF denotes the function of the denoising model in the EMF
diffusion.F em

f is the GT future EM latents from the observations
in future time horizons, and F̂ em

f is the counterparts finally
predicted by the EMF diffusion as mentioned before.

Losses for HMF Diffusion: The diffusion-related loss Lhm
VLB

supervising the predicted future HM latents in the HMF diffusion
is similarly defined as:

Lhm
VLB =

S∑
s=2

||zhm
0 − fHMF(z

hm
s , s)||2 + ||F hm

f − F̂ hm
f ||2, (2)

where zhm
s indicates the latent after the s-th denoising step. fHMF

represents the function of the denoising model in the HMF
diffusion. F hm

f is the GT future HM latents encoded from the
observations in future time horizons. F̂ hm

f is the counterparts
predicted by the HMF diffusion.

In addition, we utilize the trajectory displacement lossLdis and
the trajectory angle loss Langle to optimize the hand waypoints
decoded by the hand trajectory decoder:

Ldis =
1

Nf

Nf∑
t=1

Ddis(Ht, Ĥt), (3)

Langle =
1

Nf

Nf−1∑
t=0

Dcos(Ht+1 −Ht, Ĥt+1 − Ĥt), (4)

where Ddis(·) denotes the Euclidean distance between predicted
hand waypoints and GT ones. Ĥt is the output hand waypoints

of the hand trajectory decoder, while Ht is its GT counterpart.
Dcos(·) represents the cosine similarity between two input mo-
tion vectors.

Following the previous works [15], [16], we also introduce
the regularization term Lreg to penalize the difference between
the pseudo trajectory predictions H̃t and Ht:

Lreg =
1

Nf

Nf∑
t=1

Ddis(Ht, H̃t), (5)

where H̃t is obtained by directly feeding F hm
f to the hand

trajectory decoder rather than the predicted F̂ hm
f . This regu-

larization helps to improves training stability and optimization
performance.

To optimize interaction state forecasting, we utilize the inter-
action state loss Lint defined as:

Lint = CE
(
Gf, Ĝf

)
, (6)

where CE(·) is the binary cross-entropy loss function. Ĝf is
the predicted interaction states decoded by the interaction state
decoder, and Gf is its GT label. Through the supervision of the
interaction state loss, the timings of hand-object contact will be
predicted with probabilities closer to 1.

Total Loss Function: The total loss function to train our
proposed Uni-Hand is the weighted sum of all the above losses,
which is expressed as:

Ltotal = λem
VLBLem

VLB + λhm
VLBLhm

VLB + λdisLdis + λangleLangle

+ λregLreg + λintLint, (7)

whereλem
VLB,λhm

VLB,λdis,λangle,λreg, andλint are weights to balance
the trade-off between these losses.

IV. EXPERIMENTAL RESULTS

A. Benchmarks

We evaluate our proposed Uni-Hand and the existing base-
lines on five publicly available datasets including EgoPAT3D-
DT [14], [68], H2O-PT [14], [70], HOT3D-Clips [71],
Ego4D [72], and Epic-Kitchens-55 [73], and two self-recorded
datasets including the Cup-Apple-Box-Hand (CABH) bench-
mark and Hand-ALOHA-Transfer (HAT) benchmark. In the
HAT benchmark, we conduct human-robot transfer experiments
on a real robot platform, ALOHA [74], to present how Uni-Hand
effectively supports manipulation tasks in real-world setups.

1) Public Datasets: We follow the setups of the prior
works [14], [21] to organize EgoPAT3D-DT, H2O-PT, and
HOT3D-Clips datasets. Please refer to Supp. Mat., Section A
for more details. For Ego4D, we attend to the 5-frame annotated
clip with unconstrained head motions for each prediction in
its future hand prediction benchmark, and let all the evaluated
approaches receive the first three frames (three frames preceding
the pre-condition frame) as input to predict the hand locations
in the subsequent two frames (pre-condition frame and contact
frame). To further demonstrate how our Uni-Hand supports the
downstream action anticipation, early action recognition, and ac-
tion recognition tasks, we organize the Epic-Kitchens-55 dataset
following the splits of OCT [13]. The evaluation paradigm for
the downstream action anticipation task is illustrated in Fig. 8. As
shown in Fig. 8(a), we select the widely-used and off-the-shelf
action anticipation framework, RU-LSTM [56], to present the
feature enhancement from our HMF method. Concretely, we
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Fig. 8. Illustration of testing Uni-Hand in the downstream action anticipation task. In the egocentric images of (b) and (c), the red, green, and blue lines denote
hand center waypoints predicted by Uni-Hand, OCT [13], and GT labels, respectively.

first train Uni-Hand with annotated hand center waypoints in
Epic-Kitchens-55, leading to a good HMF capability as depicted
in Fig. 8(b). Afterwards, when implementing downstream action
anticipation, we directly add the HM features (latents recovered
by HMF diffusion of Uni-Hand) to the modality-specific features
from the vanilla RU-LSTM. The combined features are further
processed by the following rolling-unrolling operations through
R-LSTM and U-LSTM. Then we optimize RU-LSTM for the
action anticipation task, by minimizing the loss between the
predicted action categories (linearly transformed from U-LSTM
outputs) and the ground-truth labels. Note that we consider the
modality-specific branches of RU-LSTM, i.e., the RGB branch
and the flow branch, to demonstrate that our HMF method can
enhance both RGB and flow features for higher anticipation
accuracy. We do not use the object branch of RU-LSTM due to
the mismatch in channel dimensions between HMF latents and
object features. The feature enhancement operations for early
action recognition and action recognition tasks are similar to
action anticipation, while we only consider the ANTICIPATION
period of RU-LSTM and discard its ENCODING period. Please
refer more details about RU-LSTM structures to the original
paper [56].

2) Cup-Apple-Box-Hand Benchmark: To further demon-
strate that our method has the potential to scale up with low-cost
devices for data collection, we used headset RealSense D435i
to collect 1200 egocentric videos for three real-world tasks, i.e.,
place the cup on the coaster (Task 1), put the apple on the plate
(Task 2), and place the box on the shelf (Task 3), to build the
CABH benchmark (see Fig. 9). For each task, 350 video clips
are used for training with the other 50 clips for evaluation. Each
clip has around 5 seconds, with the first 50% regarded as the past
sequences and the latter 50% as the future ones. To validate that
Uni-Hand can achieve plausible hand motion forecasting using
only egocentric vision without expensive MoCap systems for GT
annotations, we utilize the visual grounding model, Grounded
SAM [75], and the hand mesh recovery approach, HaMeR [27],
to label 2D hand centers and joints on videos. Their 3D positions
can be further recovered with depth observations of the RGB-D
camera. To demonstrate that the choice of prediction canvas

Fig. 9. Our self-collected CABH benchmark includes three hand-object inter-
action tasks to efficiently evaluate HMF.

does not constrain the superiority of Uni-Hand, we directly
predict future hand waypoints with each future frame as the
canvas.

3) Hand-ALOHA-Transfer Benchmark: Task Definition: We
also propose the Hand-ALOHA-Transfer benchmark by
recording hand motion with the top camera mounted on
ALOHA [74], as shown in Fig. 10. The top camera, RealSense
LiDAR Camera L515, captures egocentric RGB images and
point clouds (depth) for hand motion forecasting and end-
effector action prediction. In the HAT benchmark, we introduce
five manipulation tasks:
� Push Task (♥): push the block onto the cloth. 400 hand

motion videos in total for training Uni-Hand. 10 trials to
evaluate real-world performance.

� Pick-and-Place Task (♦): put the block onto the cloth. 400
hand motion videos in total for training Uni-Hand. 10 trials
to evaluate real-world performance.

� Harder Pick-and-Place Task (♣): stack the blue block onto
the red block. 400 hand motion videos in total for training
Uni-Hand. 10 trials to evaluate real-world performance.
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Fig. 10. Our scheme to deploy Uni-Hand to real-world robotic manipulation
tasks.

� Language-Conditioned Pick-and-Place Task (♠): put the
{blue, red} block onto the cloth. 800 hand motion videos
for training, 400 videos per category (blue, red). 10 trials
to evaluate real-world performance, 5 trials per category.

� Long-Horizon Pick-and-Place Task (�): put the block, the
toy, and the banana onto the plate. 800 hand motion videos
in total for training Uni-Hand. 10 trials to evaluate real-
world performance.

These multiple manipulation tasks are used to evaluate both
HMF performance and human-robot policy transfer ability.

Deployment Scheme: As illustrated in Fig. 10, we train Uni-
Hand with recorded hand motion data, enabling it to generate
complete executable actions for the robot end-effector in a
look-then-move manner. Concretely, the predicted 3D trajec-
tories are used for tracking, and the predicted interaction states
help the robot to decide when to open and close its gripper.
The GT 3D hand waypoints are captured by HaMeR [27]. To
label the GT interaction states, we introduce two approaches:
(1) manual annotation, and (2) automated temporal interaction
localization (auto-TIL) using EgoLoc [76]. In both the training
and inference stages with the HAT benchmark, only the first
observation frame (i.e., Np = 1, agnostic to hands) is used
as the egocentric visual inputs. The prediction model directly
predicts the global motion with complete waypoints and inter-
action states, instead of step-by-step reasoning conditioned on
iterative observations and states. This is because the robot ma-
nipulates autonomously without visual access to human hands,
depending entirely on environmental observations. We should
not encode observations involving human hands in the training
stage. Our HAT benchmark thus evaluates the HMF methods’
ability to generate the holistic trajectory and interaction states
from scratch without the constraints of observed motion (See
Supp. Mat., Sec. S for more details). Besides, for all the robotic
manipulation tasks, we curate the mapping from human hand
grasp poses to robot grasp poses, which is detailed in Supp. Mat.,
Sec. C.

B. Uni-Hand Configurations

For vision-language features from images and universal
text prompt shown in Fig. 3, we extract the outputs of the
deepest cross-modality multi-head attention module (X-MHA)
in GLIP [65], which are further processed by the channel adapter
proposed by [16]. Besides, in Fig. 3, the channel dimension
of all the features before concatenation is set as 1024, and the

counterpart of the target indicators is determined by the number
of prediction targets (e.g., 5 if predicting five hand joints). To
generate 3D global context shown in Fig. 4, we convert input
point clouds into voxel grids of dimensions 20× 20× 20 with a
resolution of 0.05 m. Each voxel patch has a size of 27× 1024.
For both EMF and HMF diffusion, we set the channel dimension
of the latent features to 1024. The total number of diffusion steps
is set to 1000, while the EMF diffusion takes only one step to
predict EM latents for high efficiency, and the HMF diffusion
takes 100 steps to predict future HM latents. We adaptively
adjust the input and output dimension of the MLPs for encoding
and decoding hand trajectories according to the predictive space
(2D/3D). Notably, for hand-ALOHA motion transfer, the camera
homography is an identity matrix since the robot base is fixed in
our HAT benchmark. Besides, we empirically found that the
HMF diffusion can generate more stable trajectories for the
robot end-effector when increasing the denoising steps to 1000.
There is a trade-off between inference efficiency and planning
accuracy. The hybrid pattern of Mamba and Transformer in
our devised hybrid Mamba-Transformer module is designed
according to the ablation study in Supp. Mat., Section E. We
train Uni-Hand using AdamW optimizer [77] with a learning
rate of 5e-5 for 1 K epochs on EgoPAT3D-DT, H2O-PT, Ego4D,
and our self-recorded benchmarks, and with a learning rate of
5e-6 for 2 K epochs on the HOT3D-Clips dataset.

C. Evaluation on Multi-Dimensional Hand Trajectory
Prediction

We first validate our claim that the proposed Uni-Hand
predicts plausible hand center waypoints in both 2D and 3D
dimensions. Predicting hand centers constitutes the most funda-
mental capability required by the HMF method. The evaluation
metrics including averaged displacement error (ADE) and final
displacement error (FDE) are reported following the previous
works [14], [15], [24]. The prediction canvas [15] is selected as
the first frame of each video clip. That is, all the 3D waypoints
are expressed relative to the first camera coordinate, and all the
2D waypoints are transformed to the first image plane. The eval-
uation in the 3D space follows the absolute scale in meters. For
the evaluation in 2D space, we normalize the predicted waypoint
pixel coordinates by the image size. We separately forecast left-
and right-hand motion. We compare our Uni-Hand with the ex-
isting baselines including Constant Velocity Hand (CVH) [15],
OCT [13], USST [14], S-Mamba [78], Diff-IP2D [15], EER
(based on Diff-IP2D) [17], EMAG [18], and MADiff [16].
We modify S-Mamba [78] originally designed for general time
series forecasting into our diffusion-based paradigm to predict
HM tokens. We additionally replace the 2D input and output
waypoints, as well as the corresponding encoders and decoders
with 3D counterparts in Diff-IP2D, EER, EMAG, and MADiff
since they were originally developed for 2D forecasting tasks,
obtaining the baselines Diff-IP3D, EER3D, EMAG3D, and
MADiff3D.

Here we present the center prediction performance of our
proposed Uni-Hand and the baselines on the publicly available
datasets and our CABH benchmark. As Table I∼ Table IV show,
Uni-Hand produces the lowest prediction errors on most metrics
compared to the SOTA baselines. Although some baselines show
competitive performance in 2D and 3D respectively, they show
specialized and lack consistent superiority across both spaces
due to a lack of multi-modal fusion. In contrast, our universal
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TABLE I
COMPARISON OF PERFORMANCE ON 3D HAND TRAJECTORY PREDICTION ON THE PUBLICLY AVAILABLE DATASETS. BEST AND SECONDARY RESULTS ARE VIEWED

IN BOLD BLACK AND GREEN COLORS RESPECTIVELY.

TABLE II
COMPARISON OF PERFORMANCE ON 2D HAND TRAJECTORY PREDICTION ON THE PUBLICLY AVAILABLE DATASETS. BEST AND SECONDARY RESULTS ARE VIEWED

IN BOLD BLACK AND GREEN COLORS RESPECTIVELY.

TABLE III
COMPARISON OF PERFORMANCE ON HAND TRAJECTORY PREDICTION ON THE

EGO4D DATASET IN 2D SPACE. BEST AND SECONDARY RESULTS ARE VIEWED

IN BOLD BLACK AND GREEN COLORS.

TABLE IV
COMPARISON OF PERFORMANCE ON HAND TRAJECTORY PREDICTION ON

CABH IN 3D AND 2D SPACES WITH AUTOMATED ANNOTATIONS. BEST AND

SECONDARY RESULTS ARE VIEWED IN BOLD BLACK AND GREEN COLORS.

framework accommodates both 3D structure information and
2D camera egomotion, achieving consistently comparable
performance in both 2D and 3D spaces. Besides, Uni-Hand

consistently outperforms the baseline methods on Ego4D,
which indicates that Uni-Hand can more effectively forecast
semantically driven hand motion under limited observation (only
3-frame input) and highly dynamic head motion, rather than
only extrapolating short-term kinematic hand patterns. Figs. 11
and 12 visualize the predicted hand center waypoints, where
Uni-Hand’s predictions have better stability and directionality
in multiple dimensions. This suggests that Uni-Hand better
captures hand motion patterns and potential human intentions
during interaction by harmonizing multi-modal information.
Moreover, HOT3D-Clips has small data volumes to supervise
prediction models, where our Uni-Hand consistently
outperforms the other baselines. This implies that our
method better accommodates situations with limited training
data.

D. Evaluation on Multi-Target Hand Trajectory Prediction

We further validate Uni-Hand’s capability to forecast plausi-
ble future waypoints of multiple hand joints rather than cen-
ters. We do not involve EgoPAT3D-DT here due to a lack
of joint annotations. For H2O-PT and HOT3D-Clips which
have labeled GT 3D joint positions, we predict trajectories
of five joints: one on the wrist and two each on the thumb
and index finger (see Supp. Mat., Section B). These predic-
tion targets are selected according to the recent work [51]
considering potential downstream tasks. Moreover, we provide
a data extension of our CABH benchmark (CABH-E) com-
pared to our preliminary version [21]. As shown in the first
row of Fig. 13, we record “place the apple into the square
area from multiple directions” to demonstrate that Uni-Hand
captures multimodal behavior [43] without generating jittery
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Fig. 11. Visualization of predicted hand trajectories in the 3D space (left: EgoPAT3D-DT; middle: H2O-PT; right: HOT3D-Clips). We show the holistic sequence
including observed past hand waypoints (green), ground-truth future ones (blue), and predicted future counterparts (red) by our Uni-Hand and two SOTA baselines.

Fig. 12. Visualization of 2D hand center forecasting (left: EgoPAT3D-DT, H2O-PT, and HOT3D-Clips; right: CABH). We show the holistic sequence including
observed past joint waypoints (green), ground-truth future ones (blue), and predicted future counterparts (red) by our Uni-Hand and two SOTA baselines. Here we
showcase the predictions on the first frame of each input video clip for EgoPAT3D-DT, H2O-PT, and HOT3D-Clips, while presenting the last frame for our CABH.

actions from multiple directions. For CABH-E, we also gener-
ate 3D GT positions by HaMeR with depth observations, and
forecast trajectories of three joints, which are on the wrist, the
thumb tip, and the middle fingertip (see Fig. 13). This target
selection follows the setups from CoM [79], which emphasizes
using the middle fingertips instead of the index ones. We thus
showcase the performance on forecasting joint waypoints with
different target combinations. The final displacement errors are
averaged among the target joints. Note that the SOTA base-
lines in this experiment are implemented separately on dif-
ferent joints since they do not support multi-target prediction
originally.

Table V shows that Uni-hand consistently outperforms the
baselines on the three datasets. Especially for CABH-E, Uni-
hand reduces ADE and FDE of the second-best baseline by
0.055 and 0.064, respectively. We also visualize the predicted
joints’ positions projected to the last frame of each input video
in Fig. 13. Uni-Hand generally generates plausible joint way-
points extending in correct directions, with the final positions
all successfully meeting the requirement of placing the apple
in the target area. These results demonstrate that our univer-
sal framework achieves good multi-target hand forecasting,
extending the scope of the existing hand trajectory prediction
that only attends to hand centers.
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TABLE V
COMPARISON OF PERFORMANCE ON MULTI-JOINT WAYPOINT PREDICTION IN 3D SPACE ON THE H2O-PT, HOT3D-CLIPS, AND CABH-E. BEST AND SECONDARY

RESULTS ARE VIEWED IN BOLD BLACK AND GREEN COLORS RESPECTIVELY.

TABLE VI
PERFORMANCE COMPARISON ON OUR PROPOSED HAT BENCHMARK. WE PRESENT THE ERRORS OF HAND TRAJECTORY PREDICTION AND INTERACTION STATE

PREDICTION ON THE VALIDATION SET (20 OUT OF THE TRAINING SAMPLES), AS WELL AS THE SUCCESS RATES (SR) OF 10 TEST TRIALS FOR EACH

MANIPULATION TASK.

Fig. 13. Visualization of multi-target prediction on our CABH-E. We show the
holistic sequence including observed past joint waypoints (green), ground-truth
future ones (blue), and predicted future counterparts (red) by our Uni-Hand and
two SOTA baselines. Here we showcase the predictions on the last frame of each
input video clip.

Table V also ablates the contribution of our devised target
indicators. The baseline Uni-Hand w/o X tar separately fore-
casts different joints without using target indicators. The results
indicate that although Uni-Hand w/o X tar has outperformed
the other SOTA baselines, Uni-Hand can better identify which
joint it currently attends to, and predicts more accurate joint
waypoints. Therefore, the target indicators are demonstrated as
key components in our universal HMF framework to achieve
multi-target forecasting. Please refer to Supp. Mat., Section I for
more ablations on target indicator formulations and conditioning
mechanisms.

E. Evaluation on Downstream Tasks

In this section, we evaluate the claim that Uni-Hand enables
multi-task affordances for downstream applications.

1) Human-Robot Manipulation Policy Transfer: This exper-
iment is conducted on our proposed Hand-ALOHA-Transfer

benchmark to validate Uni-Hand’s ability to facilitate multiple
downstream robotic manipulation tasks. The five tasks and
prediction configurations in this benchmark have been detailed
in Section IV-A3. We activate the task-aware Transformer and
inject the text embeddings of task instructions into it to en-
hance the model’s adherence to specific task setups. Here, the
GT interaction states are labeled manually by default. More
experimental details and results with EgoLoc annotations will
be introduced in Supp. Mat., Section K. Table VI first shows
3D ADE and FDE metrics of Uni-Hand and the SOTA base-
line S-Mamba on the validation sets of the real-world scenes.
Uni-Hand generates end-effector trajectories that align better
with human motion patterns. We also observed lower prediction
errors around hand-object contact timings (see Supp. Mat.,
Section P), which suggests that hand movements hold lower
uncertainties at these timings, leading to more stable supervision
signals to optimize Uni-Hand. This also facilitates plausible
action planning despite relatively higher errors at other timings
(e.g., the initial stage). Besides, we also present the Mean Abso-
lute Error (MAE) of the contact-separation/separation-contact
transition timings within the predicted interaction states on
these tasks. Since the baseline [78] is proposed without the
ability for interaction state prediction, we do not report its
MAE and directly use GT labels as its pseudo predictions for
the following real-world execution. Table VI shows that Uni-
Hand predicts accurate hand-object contact/separation states
for reasonable action planning. Then, we directly transfer the
prediction models to the real-world deployment, and let the
robot end-effector follow the generated trajectories and grasp
actions.

As shown in Table VI, for 10 test trials of each designated ma-
nipulation task, Uni-Hand exhibits significant superiority with
higher success rates than S-Mamba. The baseline is infeasible
with 0% SR for the harder pick-and-place, language-conditioned
pick-and-place, and long-horizon pick-and-place tasks. Fig. 14
shows how the end-effector accurately follows Uni-Hand’s hand
motion forecasting results for these tasks. This demonstrates
that Uni-Hand provides the required motion knowledge for
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Fig. 14. Real-world test on ALOHA. For each manipulation task, we illustrate the trajectories generated from scratch by Uni-Hand and how the gripper follows
the action planning. The blue dots denote the predicted hand wrist positions, which spawn the yellow and red dots corresponding to the index fingertip and the
thumb tip. The black and grey dots denote the pick and place timings of the gripper, respectively.

Fig. 15. Performance comparison between RU-LSTM branches enhanced by our Uni-Hand’s HM features and the vanilla model on the downstream action
anticipation task. We follow the evaluation metrics of the prior work [56].

practical deployments on a real robot platform. It benefits policy
learning for atomic skills such as push, pick, and place, and also
holds promise for completing complex language-conditioned
and long-horizon robotic tasks.

2) Action Anticipation: We have showcased in Fig. 8(b) that
our Uni-Hand can predict good hand waypoints after being
optimized on Epic-Kitchens. This indicates that Uni-Hand can
generate reasonable hand motion features (HM features) re-
lated to specific future human activities. Therefore, we explore
whether the future HM features can enhance the downstream
action anticipation, a task that predicts which category of action
will happen. As shown in Fig. 15, after we add the HM features
recovered by our HMF diffusion to the vanilla modality-specific
features in the RGB and flow branches of RU-LSTM, the
Top-5 verb/noun/action accuracy increases at most anticipation
times τa. Fig. 8(c) also presents an example of Top-5 action
categories predicted by RU-LSTM before and after adding HM
features. As can be seen, the feature enhancement by our HMF
method facilitates a higher probability for the correct action
category. These results highlight that the hand motion features
predicted by Uni-Hand can be effective affordances encom-
passing future activity information for the downstream action
anticipation.

3) Early Action Recognition and Action Recognition: Dif-
ferent from action anticipation, the downstream early action
recognition and action recognition tasks focus on reasoning

TABLE VII
TOP-5 ACTION ACCURACY (%) OF RU-LSTM BRANCHES ON THE

DOWNSTREAM EARLY ACTION RECOGNITION AND ACTION RECOGNITION

TASKS. WE PRESENT THE PERFORMANCE AT THE OBSERVATION RATES 12.5%
∼ 87.5% FOR EARLY ACTION RECOGNITION, AND 100% FOR ACTION

RECOGNITION FOLLOWING [56]. BEST RESULTS ARE VIEWED IN BOLD BLACK.

human activity categories according to partial or complete ob-
servations. Following RU-LSTM [56], we simply discard its
ENCODING period and only attend to the observations in the
ANTICIPATION period. As noted in Table VII, after adding HM
features from Uni-Hand, the recognition accuracy of RGB and
flow branches in RU-LSTM increases at most observation rates.
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TABLE VIII
ABLATION STUDY ON CAMERA EGOMOTION. SE(3) AS EGOMOTION

REPRESENTS THE BASELINE REPLACING THE INPUT CAMERA HOMOGRAPHY

WITH 6-DOF POSES. UNI-HAND W/O EMF REPRESENTS THE BASELINE

WITHOUT THE EMF DIFFUSION. BEST RESULTS ARE VIEWED IN BOLD BLACK.

Note that we additionally train a Uni-Hand model to achieve
multi-joint motion forecasting (the wrist, the thumb tip, and
the index fingertip), and enhance RU-LSTM by adding these
new HM features. For action recognition with the observation
rate of 100%, HM features encompassing multi-joint motion
information yield additional performance improvements. This
further validates the advantages of multi-target predictions by
Uni-Hand. However, compared to the results of action anticipa-
tion in Fig. 15, the feature enhancement from Uni-Hand exhibits
an overall weaker influence on these two downstream tasks.
This suggests that the positive effect of predicted HM features
diminishes when partial action observations are available. Nev-
ertheless, Uni-Hand still affords informative HM features for
action recognition thanks to a deeper understanding of hand
motion patterns.

Note that Uni-Hand is not intended as a standalone ac-
tion anticipation/recognition model, but as an effective HMF
framework whose predicted motion features can be directly
plugged into existing anticipation/recognition models. Given
that RU-LSTM has already been extensively optimized in the
original work [56], consistent performance gains indicate that
Uni-Hand provides meaningful future hand affordances, while
larger improvements would require redesigning the downstream
anticipation architecture.

F. Ablation Studies

Camera egomotion forecasting: We first ablate the headset
camera egomotion forecasting on EgoPAT3D-DT and H2O-PT.
Concretely, we conduct a baseline by removing the EM Dif-
fusion, and regarding the last past camera homography as the
constant egomotion in future time horizons. We present the hand
center forecasting performance in 3D space in Table VIII. As can
be noted, forecasting future headset camera egomotion improves
hand prediction accuracy. This demonstrates that our proposed
dual-branch diffusion model in Uni-Hand captures the synergy
between head motion and hand motion for a better understanding
of the future interaction process. Besides, Fig. 16 visualizes the
failure cases of the variant without camera egomotion forecast-
ing in 2D space. As can be seen, explicitly forecasting future
camera egomotion provides strong spatiotemporal constraints
on hand trajectory prediction, leading to improved directional
consistency and temporal stability.

Camera egomotion representation: Despite the ablation stud-
ies on homography as camera egomotion provided by the pre-
vious works [15], we additionally present 3D hand center fore-
casting performance when we regard SE(3), i.e., 6-DOF poses
from visual odometry, as camera egomotion instead of homog-
raphy. As shown in Table VIII, replacing the vanilla egomotion

Fig. 16. Failure cases of the Uni-Hand’s variant without future egomotion
forecasting on EgoPAT3D-DT. The observed past hand waypoints, predicted
future hand waypoints, and GT labels are represented in green, red, and blue,
respectively, with the first frame of each sequence as the visualization canvas.

TABLE IX
ABLATION STUDY ON MULTIMODAL INPUTS. BEST RESULTS ARE VIEWED IN

BOLD BLACK.

TABLE X
ABLATION STUDY ON TEXT EMBEDDING INJECTION. BEST RESULTS ARE

VIEWED IN BOLD BLACK.

homography with SE(3) leads to a significant degradation in
HMF performance. This suggests that the homography-based
representation is better suited for modeling egomotion in this
context. It also aligns with the fact that observed hands are
constrained to 2D image planes, and homography matrices more
effectively capture camera egomotion variations coupled with
hand motions.

Multi-modal inputs: To ablate multiple modalities, we incre-
mentally add past hand waypoints, RGB images, the universal
text prompt, and point clouds in model inputs. The experimen-
tal results of 3D hand center forecasting on EgoPAT3D-DT
shown in Table IX indicate that our proposed framework well
harmonizes multi-modal information to achieve strong forecast-
ing performance. The incorporation of both the universal text
prompt and point cloud data effectively bridges modality gaps
in existing literature.

Text embedding injection: We have shown in Fig. 7 that
our text embedding injection in hybrid Mamba-Transformer
facilitates the HM features denoised for task-aware HMF. Here
we further present the quantitative results on the validation and
test sets of the task “put the {blue, red} block onto the cloth” of
our HAT benchmark. We conduct the baseline, Uni-Hand w/o
TAT, by removing the task-aware Transformer in the denoising
model. Table X indicates that our text embedding injection with
TAT reduces prediction errors, while also improving success
rates significantly.
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V. DISCUSSION

Uni-Hand introduces a new algorithmic paradigm for hand
motion forecasting that extends the existing approaches in mul-
tiple aspects, including modeling structure, prediction targets,
conditioning objectives, and output space. At the modeling
level, Uni-Hand is the first framework to jointly forecast future
head egomotion and hand motion via a coordinated dual-branch
diffusion architecture, enabling hand motion prediction to be
explicitly conditioned on future egomotion. Beyond purely kine-
matic forecasting, Uni-Hand expands the output space by jointly
predicting hand trajectories and hand-object contact/separation
states, reasoning not only about where the hand will move but
also when interactions will occur. Moreover, Uni-Hand intro-
duces devised target indicators that enable a single predictive
model to forecast heterogeneous hand targets, including the
hand center, wrist, and finger joints, within a unified denoising
process. The framework further incorporates global 3D scene
context through a voxel-grid-based formulation, leading to 3D
structure awareness under real-world geometric constraints.
Ultimately, Uni-Hand injects task-aware textual embeddings
directly into the diffusion denoising process through the ded-
icated cross-attention mechanism, aligning future hand motion
generation with high-level task intentions. As can be noted, these
algorithmic contributions redefine hand motion forecasting as a
multi-target, interaction-aware, and task-conditioned generative
problem, which we hope will inspire future research on egocen-
tric human-object interaction.

VI. CONCLUSION

We have developed a universal framework namely Uni-Hand
to achieve multi-dimensional and multi-target hand motion fore-
casting in egocentric views. Uni-Hand absorbs multi-modal data
and predicts plausible hand trajectories in both 2D and 3D
spaces, considering hand-head motion synergy. It attends to
the future motion of hand centers and any joints, as well as
hand-object interaction states. Extensive experiments on public
datasets and our newly proposed benchmarks have demonstrated
that our universal framework outperforms the existing SOTA
baselines in hand motion forecasting across 2D/3D spaces and
multiple targets, and facilitates multi-task affordances for down-
stream applications, including robotic manipulation, action an-
ticipation, early action recognition, and action recognition. In the
future work, we plan to introduce tactile sensing for contact-rich
human-robot policy transfer [80].
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