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Figure 1. (a) HandWorld models the connection between hand action (MANO-rendered hand only for visualization) and visual observation.
(b) The unified framework supports flexible task configurations, enabling action-conditioned video generation, action forecasting, and joint
prediction. (c) Examples generated by HandWorld showing accurate hand motion and high-fidelity hand-object interaction.

Abstract

Hand-object interaction forms the foundation of how hu-
mans interact with the world. Understanding the connec-
tion between hand action and egocentric video is essen-
tial for enabling embodied agents to perceive, simulate,
and plan like humans. However, it is challenging to learn
and predict across hand actions and egocentric videos due
to their non-linear relationship. In this work, we intro-
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duce HandWorld, a unified generative framework that fo-
cuses on hand-object interaction and jointly models ego-
centric videos and hand actions. HandWorld learns shared
cross-domain conditions through a dual-branch condition
network that integrates information from both video and
action domains. MANO-rendered hand representation is
incorporated as an intermediate input to further enhance
cross-domain coherence. Conditioned on the shared repre-
sentation, two decoupled diffusion transformers are trained


https://sunzhihao18.github.io/HandWorld

to predict in their respective domain. A flexible training
strategy enables the model to learn across diverse task con-
figurations, including action forecasting and controllable
video generation. Experiments on large-scale egocentric
HOI datasets demonstrate that HandWorld achieves high-
fidelity video synthesis and accurate action prediction, out-
performing existing baselines across diverse scenarios.

1. Introduction

Hand-object interaction (HOI) is one of the most common
human behaviors and forms the foundation of how people
manipulate and interact with the world. Humans deter-
mine hand actions based on their visual observations, and
these actions, in turn, alter what will be observed next. In
VR/AR, gaming, and embodied intelligence, visual obser-
vations typically take the forms of egocentric videos, where
hand actions are represented using temporal wrist poses
and joint positions to depict hand motion [12, 14, 26, 42].
A comprehensive understanding of the connection between
egocentric videos and hand actions is essential for enabling
models and embodied agents to perceive, simulate, and plan
like humans [6, 13].

Recent studies focus on predicting either action or video
while treating the other as a given condition. For ex-
ample, hand forecasting emphasizes on predicting future
hand trajectories or poses from past egocentric observa-
tions [5]. In contrast, controllable video generation meth-
ods aim to produce realistic videos conditioned on action
cues in the forms of masks [29, 34], trajectories [37, 45],
human skeletons [16, 22], and high-level action condi-
tions [3, 7, 8, 30, 39], enabling interaction-rich applications
in gaming and robotic simulation. These directions high-
light the connection between videos and hand actions but
remain limited to one-way conditions.

Building a model that can learn and predict across hand
actions and egocentric videos presents significant chal-
lenges. Hand actions are expressed in structured forms and
describe only motion-related dynamics, whereas videos en-
code the entire scene in pixels, containing richer informa-
tion about environments and interactions. As a result, the
relationship between action and observation is highly non-
linear [4]. The same action can correspond to different ob-
servations depending on the manipulated objects and the
surrounding scene. A few approaches attempt to couple ac-
tions and videos through unified architectures [9, 19, 44].
However, these models primarily optimize for action policy
learning and treat video generation as an auxiliary objec-
tive, resulting in limited visual fidelity. PEVA [4] further
explores the connection between whole-body actions and
future egocentric observations, but focuses on large-scale
spatial motion such as navigation and locomotion.

Inspired by these unified models, we introduce Hand-

World, a unified generative framework that focuses on
hand-object interaction and jointly models egocentric
videos and hand actions within a single conditional gener-
ative process. A central challenge is how to represent the
complex, non-linear relationship between hand action and
visual observations. We build a shared condition network
that learns cross-domain condition signals through two co-
ordinated branches. Each branch encodes its respective do-
main (video or action), and bidirectional cross-attention en-
ables effective feature fusion between them. To further en-
hance the coherence between action and video, we intro-
duce MANO-rendered hands [23] as an auxiliary interme-
diate representation that lies in the visual domain while con-
taining only hand geometry. Built on the shared conditions,
HandWorld uses two decoupled diffusion transformers for
the video and action generation. Condition sharing enforces
cross-domain consistency, whereas decoupling maintains
flexibility and improves inference efficiency.

We leverage the large-scale EgoDex dataset [14] and
supplement it with MANO-based annotations extracted
through our designed reconstruction pipeline. A flexible
multi-task training strategy is employed to preserve gen-
eration quality in each domain while jointly optimizing
the shared condition. Together with the unified genera-
tive framework, HandWorld supports diverse task configu-
rations, such as action-conditioned egocentric video gener-
ation and action forecasting, as illustrated in Figure | (b).
Experiments show that HandWorld achieves high-fidelity
video synthesis and accurate hand motion prediction across
diverse HOI scenarios. Ablation studies further validate the
importance of the shared cross-domain condition, with clear
improvements over text-based or existing action conditions.
In summary, our main contributions are as follows.

* We propose a unified generative framework conditioned
on shared cross-domain representation, which is learned
by a dual-branch network. MANO-based intermediate
input is utilized to enhance cross-domain coherence.

* We utilize two decoupled diffusion transformers to gen-
erate video and action separately. They leverage shared
conditions to couple both domains, together with a flexi-
ble training strategy that supports diverse tasks.

* We evaluate HandWorld on multiple tasks, including ac-
tion forecasting and action-conditioned video generation,
and demonstrate consistent improvements and strong
adaptability in egocentric HOI scenarios.

2. Related Work

Controllable Video Generation. Controllable video gen-
eration aims to synthesize realistic videos while allowing
explicit control over spatial and temporal dynamics. Ex-
isting research has explored diverse forms of motion and
action control at different levels. Region-based condi-
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Figure 2. (a) HandWorld integrates a video DiT, an action DiT, and a shared cross-domain condition network, and (b) each condition block
in the shared condition network learns across domains through bidirectional cross-attention and outputs with domain-specific adapters.

tions [29, 34] provide motion guidance by indicating spe-
cific regions. Trajectory-based methods [37, 45] extend
control to temporal dynamics by describing either object
translations or camera movement. Character animation
techniques achieve higher precision through structured con-
ditions such as skeletons [16, 22] and mesh rendering [46].
Recent studies have begun to explore action-conditioned
video generation, where control signals correspond to hu-
man or agent behaviors. Text-based control provides a flex-
ible way to express high-level intentions [7, 30, 39], but tex-
tual descriptions lack spatial precision and cannot represent
detailed dynamics. Several methods predefined discrete ac-
tion primitives with explicit transition rules and learned la-
tent action spaces from unlabeled videos for more precise
control [3, 8]. Although these methods demonstrate the po-
tential of using actions to control visual generation, they re-
main limited by coarse and abstract representations. In this
work, we define actions as hand motions, enabling contin-
uous and fine-grained control that naturally aligns with the
dynamics of egocentric hand-object interactions.

Action Video Model. Several works have attempted to
leverage video generation models for action prediction.
CosHand [31] and InterDyn [2] predict future hand actions
using coarse masks generation. However, mask-based rep-
resentations provide only approximate motion cues, which
limit applications requiring highly accurate actions. In the
field of embodied intelligence, video models have been em-
ployed to facilitate action learning and transfer. For exam-
ple, [38] generates object flow as an intermediate represen-
tation, which is then used to predict actions for transferring
manipulation skills across different robotic embodiments
and environments. [17] use the latent representations of pre-
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dicted videos as inputs to a policy network for action predic-
tion. Other studies unify video and action modeling within a
shared latent space [19] or a unified vision-language-action
model [9, 44], enabling simultaneous prediction of actions
and visual outcomes. These methods primarily emphasize
improving action generation, while visual prediction often
remains an auxiliary objective, resulting in limited visual
fidelity. Video-based world models learn internal represen-
tations of the environment for future prediction and plan-
ning. Works on egocentric pose forecasting [41] and visual
foresight [1 1] demonstrate that predicting future perception
supports downstream decision making and planning. PEVA
[4] extends this concept to detailed whole-body control, pre-
dicting future egocentric videos that integrate realistic mo-
tion and visual dynamics. Our model jointly generates accu-
rate hand motion and high-fidelity egocentric videos, main-
taining coherence between action and vision.

3. Method

Problem Statement. Given a sequence of observations
(i.e., egocentric video frames) Og.; = {Oy,...,O0:} and
corresponding hand actions Ag; = {Aog,...,A:}, our
goal is to predict the future video frames Ouy1.p =
{O¢+1,...,07} and future hand actions A;y1.7 =
{Aii1,...,Ar}. Each action A; € R represents a hand

pose with dimension d. Unless otherwise specified, we set
d = 138, which includes the 9D rotation and 3D trans-
lation in camera extrinsic parameters, and the 3D coordi-
nates of 21 joints for each hand. Video latent Z; is encoded
by a pretrained VAE [28] from an egocentric video frame
Ot c RH ><W><3.



Overview. In this section, we introduce our HandWorld
framework as illustrated in Figure 2, which models the cou-
pling between hand actions and egocentric videos through
a unified generative process. We first introduce the overall
action video generation framework, where two decoupled
diffusion transformers operate under hierarchical conditions
(Section 3.1). We then describe how a shared cross-domain
representation is learned through a dual-branch condition
network that integrates information from both the vision
and action domains (Section 3.2). Finally, we describe the
masked multi-objective training strategy that enables opti-
mization across tasks and generalization to diverse scenar-
ios (Section 3.3).

3.1. Action Video Generation Model

Given a hand action sequence A .7 and video latents Z.p
encoded by a pretrained VAE encoder [28] from egocentric
video frames Og.7, we aim to build a generative model that
captures the coupling between action and observation:

P(Ao.7, Zo.7)
T—1

=P(Ao.Zo) || P(Ars1, Zisa|Av Zou). (1)
t=0

To simplify the model, we make a Markov assumption that
the next n states, including video frames and actions, are
dependent on the last m states:

n
11 P(Avik, Zosrl Ao, Zout)
k=1
:P(At+1:t+n; Zt+1:t+n|AO:ta ZO:t)

:P(A—t+1:t+na Zt+1:t+n|At—m+1:ta Zt—m+1:t)- (2)

We train a model parametrized by 6 that minimizes the neg-
ative log-likelihood:

6 = arg mein — log P(Aq.7, Z():T)}- 3

Each transition P(A;i1.44n, Ztt1.t4n|C¢) can be fac-
torized into two components corresponding to the action
and video domains, like P(Z;41.14+,|C:). We leverage the
flow matching framework [10, 21] to model each transi-
tion P(S¢41:t4x|Ct), where s represents either the action
or video state. Given the target latent 1 = Siy1.44n, @
noise sample zo ~ N(0, I), and a timestep 7 € [0, 1], we
define a forward process that obtains an intermediate latent
x, as the training input. Following Rectified Flows [10], =,
is defined as a linear interpolation between zy and x4, i.e.,
xr = (1 —7)xo+ 7x1. The ground-truth velocity is defined
as:

Uy = =z — Zg. 4)

dr

The model vy is trained to predict this velocity field
conditioned on the shared cross-domain representation Cy,
which encodes the context A;_,,41.+ and Zy_,, 1.+ from
both domains. The loss function for a transition is formu-
lated as the mean squared error (MSE) between the model
output and velocity v, :

£:]Ewo,zl,ct,r |:|‘U9($T)Ct77—) _UT||2 . (5)

We adopt two decoupled diffusion transformers that gen-
erate in the action and vision domains, respectively. They
shares the hierarchical cross-domain conditions C; gener-
ated by the condition network. This design allows both
models to focus on domain-specific generation while re-
maining synchronized through a unified conditioning path-
way. At each transformer layer, the corresponding level of
conditions is fused into the model through residual addition
to the hidden states. This hierarchical conditioning enables
fine-grained control and maintains consistency between the
visual and action outputs. This joint modeling effectively
captures the bidirectional relationship between hand actions
and egocentric videos, forming the foundation for flexible
cross-domain reasoning and generation.

3.2. Shared Cross-Domain Representation

We introduce a dual-branch condition network to estab-
lish a shared cross-domain representation C; that captures
the mutual dependencies between hand actions and ego-
centric videos. As illustrated in Figure 2 (b), the condi-
tion block encodes the two domains separately while al-
lowing information exchange at multiple layers. The video
branch processes latent visual features extracted by a pre-
trained video VAE, while the action branch encodes hand
action sequences. At each layer, the two branches interact
through bidirectional cross-attention to align their temporal
and structural features, producing hierarchical conditions.
These signals are further processed by adapters that refine
the shared conditions and match the feature scales required
for generation.

To facilitate effective interaction between the inherently
heterogeneous domains, we introduce an auxiliary interme-
diate representation based on MANO-rendered hands [23].
This representation belongs to the visual domain but is ge-
ometrically aligned with the action domain. It provides a
structured, environment-independent signal and enables the
condition network to learn a coherent cross-domain repre-
sentation and stabilize alignment. Since none of the avail-
able egocentric datasets provide high-fidelity MANO hand
meshes, we design a pipeline to extract 3D hand meshes
from raw videos. We first apply multi-hand detection and
tracking methods [1, 25] to obtain 2D keypoints and corre-
sponding bounding box sequences for each hand. We then
employ the 3D hand reconstruction method HaMeR [24]
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to recover per-frame 3D hand meshes from each detected
bounding box. The resulting mesh sequences are further
refined by removing outliers and smoothing temporally.

3.3. Training with Flexible Objectives

We adopt a flexible training strategy that enables the frame-
work to be jointly optimized across multiple objectives.
Each training configuration can be formulated as predict-
ing unknown states in either the action or video domain un-
der partial conditions, corresponding to the unified loss in
Equation 5 with different C; and x;. The unused tokens in
the condition sequence C; are replaced with learnable mask
tokens in the corresponding domain.

For instance, when all egocentric video frames and his-
torical actions are provided, the model learns to predict fu-
ture actions. The training objective L,.oq in the action do-
main is applied to supervise the model. Conversely, when
all actions and historical frames are given, it predicts fu-
ture frames, with supervision applied in the vision domain.
The action diffusion transformer and video diffusion trans-
former are selectively updated depending on the specific
task, while the shared cross-domain condition network is
optimized across all objectives. As a result, HandWorld
learns a coherent generative process that generalizes to mul-
tiple task configurations, effectively coupling hand action
and egocentric video in hand-object interaction scenarios.

4. Experiment

Dataset.  We evaluate our method on the EgoDex
dataset [14], which covers a wide range of egocentric hand-
object interaction videos and long-term daily activities.
EgoDex provides native hand pose annotations and focuses
on complex manipulation tasks across 194 different tabletop
scenarios, ranging from tying shoelaces to folding laundry.
Following the official split, we use approximately 314K
samples for training and 3K samples for evaluation. Al-
though EgoDex includes hand pose annotations, their align-
ment to the camera coordinate system can introduce minor
inaccuracies, and the provided annotations cannot be di-
rectly fitted to the MANO hand model. Therefore, we apply
the hand reconstruction and refinement pipeline introduced
in Section 3.2 to recover accurate MANO meshes. The re-
constructed meshes are then rendered into the video domain
to serve as intermediate vision inputs for the condition net-
work. We discard a small number of videos with excessive
duration or missing hand visibility.

Implementation Details. The video components of our
framework, including the video VAE, text tokenizer, text en-
coder, and video diffusion transformer, are initialized from
the pretrained Wan2.2-TI2V-5B model [33], which pro-
vides strong video generation capability. The parameters
of blocks for the video input in the condition network are

copied from the pretrained diffusion model, and additional
linear adapter layers are zero-initialized to enable smooth
fine-tuning. All other components, including the action dif-
fusion transformer and action branch in the condition net-
work, are randomly initialized.

During training, all video frames are resized to a res-
olution of 832x480 and temporally clipped to a maxi-
mum of 49 frames, or the largest valid sequence satisfy-
ing T' = 1 + 4t as required by the VAE design. The ac-
tion sequences are temporally aligned with the correspond-
ing video clips, ensuring one-to-one correspondence across
frames. Text prompts are coarse action descriptions pro-
vided by the dataset and are encoded using the pretrained
text encoder. We train our framework on 2x8 NVIDIA
H100 GPUs with 80 GB memory. More training details are
provided in the supplementary material.

4.1. Hand-Centric Video Generation

Evaluation Metrics. We evaluate the generated videos
using multiple quantitative metrics. For visual quality,
we assess semantic alignment with the frame-level CLIP
score [27]. PSNR, SSIM [36], and LPIPS [43] are further
employed to measure structure and perceptual similarity.
Temporal coherence across frames is evaluated using the
Fréchet Video Distance (FVD) [32]. To quantify the qual-
ity of the generated hand-object interactions and the accu-
racy of hand positioning, we compute a hand-region CLIP
score (CLIPp,,q) to measure semantic consistency within lo-
calized hand areas. We also apply an existing hand detec-
tor [25] to identify hand regions in the generated videos and
compute the IoU between the detected regions and the hand
locations in the ground-truth videos. Details of the hand-
related metrics are provided in the supplementary material.

Baselines. We compare our method with both general
text-to-video generation models and hand-aware baselines.
The text-to-video baselines include AnimateAnything [16],
CogVideoX-12V-5B [40], and Wan2.2-T12V-5B [33]. Ex-
cept for AnimateAnything, we fine-tune other pretrained
models on the EgoDex dataset to ensure fair comparison.
To further compare with methods that incorporate action
control, we include HANDI [20] and visual action prompt
technology proposed by Wang et al. [35]. HANDI gener-
ates the motion region in the video where detailed activities
occur, and guides a diffusion model to synthesize action-
consistent videos. Wang et al. render actions into visual
skeletons, serving as domain-agnostic representations that
maintain both geometric precision and cross-domain adapt-
ability for complex actions. Since the paper does not pro-
vide released code or pretrained weights, we reproduce the
method based on the descriptions in the paper. We leverage
CogVideoX [40] as the pretrained base model, adopt a con-
ditioning mechanism with visual skeleton, and fine-tune the
DiT backbone using LoRA [15].
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Table 1. Comparison of hand-centric egocentric video generation.

. Visual Quality Hand Action

Method Condition  EgoDex

CLIPT PSNRt SSIMt LPIPS| FVDJ]  CLIPypa T ToU 1
AnimateAny [16] Text 0.9152 23.97 0.867 0.210 913.9 0.8844 0.4073
CogVideoX-I2V-5B [40] Text v 0.8825 19.58 0.814 0.324 568.0 0.8638 0.2770
Wan2.2-TI2V-5B [33] Text v 0.9306 22.86 0.842 0.223 482.3 0.9132 0.5005
HANDI [20] Mask 0.8898 23.55 0.866 0.226 1303.9 0.8466 0.1825
Wang et al. [35] Skeleton v 0.9031 20.73 0.804 0.297 516.1 0.8750 0.5752
HandWorld MANO v 0.9568 26.27 0.874 0.132 133.9 0.9461 0.8291

Animate
Anything

HANDI
2 o P P
VideoX
2 PR
Ours

Figure 3. Qualitative comparison of hand-centric egocentric video generation between baseline models and HandWorld.

Comparison. We evaluate the ability of HandWorld to gen-
erate visually realistic and hand-centered egocentric videos
controlled by action. Table | reports quantitative compar-
isons across several text-to-video and action-conditioned
baselines in terms of visual quality and hand action con-
sistency. Among all methods, HandWorld achieves the best
overall performance across both visual and hand metrics.
Compared to general text-to-video models such as Ani-
mateAnything, CogVideoX, and Wan2.2, which rely only
on text condition, HandWorld produces videos with pre-
cise hand details and more stable hand trajectories. The
improvements in FVD demonstrate its stronger realism and
temporal coherence, while higher CLIP and SSIM scores
confirm its enhanced perceptual quality. When compared
to hand-centered models, HANDI and Wang et al., Hand-
World shows clear advantages in both visual fidelity and
motion controllability. HANDI achieves localized motion
control through region-based conditions, but lacks precise
structural constraints, leading to inconsistent hand poses

and trajectories. Wang et al. employ skeleton-based visual
prompts that improve coarse motion alignment but cannot
fully capture the subtle deformation of fingers. In contrast,
our shared cross-domain representation provides a physi-
cally grounded control signal, enabling natural, fine-grained
hands that are consistent with surrounding environment dy-
namics.

Visualization. We provide qualitative comparisons with the
fine-tuned Wan2.2-TI2V-5B, fine-tuned CogVideoX-12V-
5B, AnimateAnything, HANDI, and our HandWorld in Fig-
ure 3. Because most existing methods cannot support action
conditions, our comparison focuses on the quality of the
generated hand-object interaction rather than the accuracy
of action control. For clarity, Figure 4 visualizes the consis-
tency between the provided action condition and the gen-
erated videos. While the Wan2.2 and CogVideoX models
generally deliver reasonable background fidelity and overall
visual quality, they struggle to generate plausible hand mo-
tions, often resulting in distorted hand geometry or unsta-
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Table 2. Comparison of hand action forecasting.

Model (Policy) Avg Distance Final Distance
K=1 K=5 K=1 K=5

Dec-BC 0.045 0.045 0.062 0.062

%  Dec-DDPM 0.053 0.044 0.071 0.050
= Dec-FM 0.052 0.042 0.071 0.049
5, EncDec-BC 0.044 0.044 0.060 0.060
< EncDec-DDPM  0.052 0.042 0.071 0.048
EncDec-FM 0.051 0.041 0.070 0.047

E DDPM 0.047 0.043 0.053 0.045
© M 0.044 0.039 0.051 0.045

ble articulations. In contrast, HandWorld produces videos
with significantly improved hand fidelity, including stable
geometry, precise articulation, and consistent motion across
frames. Moreover, HandWorld demonstrates notably better
hand-object interaction quality, maintaining more coherent
contact patterns and fewer object flickering artifacts com-
pared with prior methods. These results highlight the ad-
vantages of our cross-domain condition and MANO-based
representation, which enable precise action control while
improving interaction plausibility.

Computational Efficiency. Although HandWorld intro-
duces two decoupled diffusion transformers and a shared
condition network, its inference remains efficient. When
performing generation in a single domain, such as video
or action synthesis, only the corresponding diffusion trans-
former is activated. Cross-domain information remains ac-
cessible through the shared condition network, enabling ef-
fective interaction without additional computational over-
head. On a single NVIDIA H100 GPU, HandWorld gener-
ates a 49-frame egocentric video in 33.8 s. For comparison,
AnimateAnything completes in 34.4 s, while the two-stage
HANDI requires 37.5 s. The pretrained text-to-video model
Wan2.2 takes 22.3 s. HandWorld, built on the Wan2.2 back-
bone, delivers substantial improvements in hand fidelity
without introducing a significant latency penalty, benefit-
ing from the decoupled diffusion transformer design. All
inference results are measured with 50 denoising steps.

4.2. Hand Action Prediction

Evaluation Metrics. We evaluate the action forecasting
performance with a best-of- K metric following [14]. For
each test sample, we generate K predictions to capture di-
verse possible modes. We then compute the distance be-
tween the ground truth action sequence and the closest pre-
dicted action sequence among the K samples. The distance
is calculated as the Euclidean distance between predicted
3D keypoint positions and their ground truth 3D counter-
parts, averaged over the predicted horizon and the 12 key-
points (i.e., the wrist and fingertips of both hands).

Setup [2]

Wan2.2 - . -
(fine-tune) Y =
Setup [3]

HandWorld -
(skeleton) '_‘
Setup [6]
(freeze DIT)
Ground-
Truth -
MANO-

Rendered R ) ) S 5 @

Figure 4. Visualization of different ablation setups.

4

Setup [4]
Ours

Baselines. We compare our method with imitation learn-
ing policies from the X-IL framework [18]. The framework
includes both decoder-only (Dec) and encoder-decoder
(EncDec) transformer architectures, and evaluates three
policy formulations, such as behavior cloning (BC), denois-
ing diffusion (DDPM), and flow matching (FM). The per-
formance of these baselines is reported in [14].

Comparison. Table 2 compares HandWorld with the X-
IL baselines under the best-of- K evaluation for action fore-
casting. Across all metrics, our framework combined with
the flow-matching strategy achieves the best performance,
producing the lowest average and final prediction errors at
both K=1 and K'=5. This demonstrates that HandWorld is
able to predict plausible future hand motions more accu-
rately in egocentric HOI scenarios. In addition, the gap be-
tween single-prediction and multi-predictions performance
is smaller for our model, indicating more stable and reli-
able predictions. More results on hand action forecasting
are provided in the supplementary material.

4.3. Ablation Study

To understand the contribution of each component in Hand-
World, we conduct a series of ablation experiments, sum-
marized in Table 3. We also provide qualitative compar-
isons, as shown in Figure 4, including the ground-truth
video and the corresponding MANO-rendered hands, which
facilitate a clear comparison of hand geometry and action
alignment across different setups. Starting from the pre-
trained Wan2.2 model (Setup 1) and its fine-tuned version

15982



Table 3. Ablation study of HandWorld components and training strategies.

. Visual Quality Hand Action

Setup (Architecture and Strategy)  Condition

CLIPT PSNRt SSIM1 LPIPS| FVDJ]  CLIPpy T IoU 1
[1] Wan2.2-TI2V-5B (pre-train) Text 0.9250 22.44 0.835 0.237 704.3 0.9047 0.4622
[2] Wan2.2-TI2V-5B (fine-tune) Text 0.9306 22.86 0.842 0.223 482.3 0.9132 0.5005
[3] HandWorld Skeleton 0.9591 25.18 0.858 0.149 245.0 0.9380 0.7904
[4] HandWorld MANO 0.9568 26.27 0.874 0.132 133.9 0.9461 0.8291
[5] w/o. shared condition net MANO 0.9358 23.32 0.830 0.241 497.0 0.9162 0.6966
[6] w/o. video DiT fine-tuning MANO 0.9533 25.95 0.871 0.137 174.8 0.9398 0.8077
[7] w/o. multi-task training MANO 0.9441 24.98 0.863 0.131 139.2 0.9384 0.7996

on EgoDex (Setup 2), we observe that the text-only condi-
tion provides reasonable visual quality but limited control-
lability of hand motion, as reflected in the low CLIPy,,4 and
visible artifacts in hand geometry. Since our video diffusion
transformer, video VAE, and text encoder are all initialized
from Wan2.2, this configuration serves as the baseline.

When introducing our framework HandWorld with joint
action video learning and the shared cross-domain condi-
tion network (Setup 3), both visual and motion alignment
improve notably, reducing the FVD from 482.3 to 245.0.
The decrease in LPIPS further indicates higher perceptual
fidelity. However, the skeleton-based condition remains
coarse and lacks physical plausibility for hand details, as
also seen in the visualization. Our full model (Setup 4),
which incorporates MANO-rendered hands as an auxiliary
intermediate representation, achieves the best performance
across most metrics. Compared to the skeleton-based setup,
the MANO-based condition significantly enhances both vi-
sual fidelity and hand consistency, as shown in Figure 4.

When the shared condition network is removed (Setup
5), we replace it with a ControlNet condition module to di-
rectly inject MANO-rendered signals. Both visual quality
and hand accuracy degrade, confirming the importance of
the shared condition network in maintaining coherence be-
tween the two domains. Disabling fine-tuning of the pre-
trained video diffusion transformer (Setup 6) leads to no-
ticeably worse perceptual and temporal quality (e.g., FVD
increases from 133.9 to 174.8), suggesting that domain
adaptation to egocentric hand-object videos is crucial for
capturing fine-grained dynamics, albeit at the cost of addi-
tional training overhead. Finally, removing multi-task train-
ing (Setup 7) weakens both visual and action consistency,
indicating that cross-task optimization reinforces the cou-
pling between visual and action domains.

5. Conclusion

In this work, we introduced HandWorld, a unified gen-
erative framework that jointly models egocentric videos
and hand actions through shared cross-domain representa-
tions. By integrating a dual-branch condition network, a

-

Figure 5. Failure cases of HandWorld. The last column highlights
the object-level temporal consistency in the generated video.

MANO-rendered intermediate representation, and two de-
coupled diffusion transformers operating under shared con-
ditions, HandWorld effectively learns and predicts across
hand actions and egocentric videos. A flexible multi-task
training strategy further enables the framework to adapt
to diverse task configurations, including action forecast-
ing and action-conditioned video generation. Extensive ex-
periments on large-scale egocentric hand-object interaction
datasets demonstrate that HandWorld achieves high-fidelity
visual synthesis and accurate hand action prediction across
complex interactive scenarios.

Limitation. While HandWorld improves hand fidelity and
action coherence in egocentric video generation, maintain-
ing object-level temporal consistency remains a key chal-
lenge. As illustrated in Figure 5, our model may fail to
produce plausible interactions for small objects, leading to
flickering or disappearance issues, which are commonly ob-
served in video diffusion models. A crucial limitation is the
absence of object-level supervision. Large-scale datasets
such as EgoDex do not provide annotations for objects,
making it difficult to learn object dynamics. Future work
may explore supervision, such as trajectories and contact
maps, or design objectives that encourage object consis-
tency and hand-object interaction modeling.
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