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Abstract. To serve as a scalable data source for embodied AI, world
models should act as true simulators that infer interaction dynamics
strictly from user actions, rather than mere conditional video genera-
tors relying on privileged future object states. In this context, egocentric
Hand Object Interaction (HOI) world models are critical for predicting
physically grounded first-person rollouts. However, building such models
is profoundly challenging due to rapid head motions, severe occlusions,
and high-DoF hand articulations that abruptly alter contact topolo-
gies. Consequently, existing approaches often circumvent these physics
challenges by resorting to conditional video generation with access to
known future object trajectories. We introduce EgoHOI, an egocentric
HOI world model that breaks away from this shortcut to simulate pho-
torealistic, contact-consistent interactions from action signals alone. To
ensure physical accuracy without future-state inputs, EgoHOI distills
geometric and kinematic priors from 3D estimates into physics-informed
embeddings. These embeddings regularize the egocentric rollouts toward
physically valid dynamics. Experiments on the HOT3D dataset demon-
strate consistent gains over strong baselines, and ablations validate the
effectiveness of our physics-informed design.

Keywords: Egocentric Vision · World Model · Hand-Object Interaction

1 Introduction

Egocentric Hand Object Interaction (HOI) world models aim to simulate phys-
ically grounded interaction dynamics from a first-person perspective driven by
user controls. The resulting predictive rollouts are increasingly important beyond
visual synthesis; they can serve as scalable training and evaluation data for a wide
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Fig. 1: Qualitative comparison between a baseline and EgoHOI. Starting
from the same first frame, EgoHOI integrates physics-informed embeddings to model
hand–object interaction dynamics, improving ego-motion consistency, kinematic fi-
delity, and object integrity over time. Zoom-ins highlight clearer contact details.

range of downstream tasks, including dexterous manipulation [10,27,49], Vision-
Language-Actions Models (VLAs) [7,42,43], spatiotemporal reasoning [51], phys-
ical intelligence [24], and data augmentation [21]. Despite this potential, the
inherent complexity of egocentric HOI poses major challenges. High-DoF hand
articulation rapidly changes contact topologies and object states, while severe
occlusions and small head motions make the interaction highly ambiguous. The
difficulty of this domain is also evident in recent spatiotemporal representation
research [51], even state-of-the-art VLMs still struggle to reliably understand
and reason about the complex dynamics in egocentric HOI videos. If interpret-
ing these interactions is already challenging, building an egocentric HOI world
model is even harder. Such a model must go beyond passive observation and
actively generate future frames that satisfy user-specified actions, physical laws,
and dynamical consistency, producing reliable physical rollouts rather than only
visual plausibility.

Despite recent progress in HOI video generation, a reliable egocentric HOI
world model remains largely absent. This gap stems from two fundamental lim-
itations in existing pipelines. First, current HOI video generation [28, 32, 46] is
predominantly studied in static, exocentric views. These third-person perspec-
tives do not directly support first-person rollouts with dynamic interactions,
which are essential in embodied AI and robotics. Second, many existing ap-
proaches [9,17,18,25] condition heavily on privileged future object information,
such as ground-truth trajectories and waypoints. By explicitly defining how the
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object should move in the future, these methods largely bypass the core challenge
of contact-driven dynamics reasoning. This turns the task into conditional video
generation, which conflicts with the formulation of a world model that must in-
fer interaction dynamics and future states strictly from current observations and
user-specified actions. Ideally, the model should predict future hand-object inter-
action purely from action signals, rather than replaying privileged future object
states. Because this removes future-state shortcuts, simply scaling RGB data is
insufficient for physical accuracy. Instead, the model should be augmented with
physics-informed embeddings that inject explicit metric and kinematic structure.
Fortunately, recent advances in 3D foundation models for geometry [19, 35, 36]
and hand pose [29] now make it increasingly practical to extract these crucial
metric and kinematic priors directly from unstructured videos, opening oppor-
tunities to model high-DoF interaction through explicit 3D hand kinematics,
camera motion, and contact-aware geometry.

In this paper, we present EgoHOI, an egocentric HOI world model for pho-
torealistic hand-object interaction simulation that integrates physics-informed
embeddings into the generative rollout process. EgoHOI uses interpretable es-
timates from scene, hand, and geometry models, and converts them into em-
beddings that provide complementary physical structure for learning egocen-
tric dynamics, including hand kinematics, metric-scale ego motion, and object
integrity. These embeddings are incorporated through lightweight adapters to
preserve the pretrained generative prior while imposing the metric grounding,
temporal consistency, and contact-aware dynamics. Unlike earlier trials utilizing
access to privileged future states, EgoHOI enables causal simulation of physi-
cally plausible hand-object interactions while retaining the generative diversity
and reconstruction quality trained from massive data. We demonstrate an ex-
ample in Fig. 1 to show the resulting simulated rollouts, and summarize our
contributions as follows:

– We introduce EgoHOI, an egocentric HOI world model that simulates first-
person hand–object interaction dynamics under user-specified actions and
controls, without privileged future object states.

– We introduce physics-informed embeddings derived from 3D geometry and
kinematic priors to regularize egocentric HOI rollouts toward physically con-
sistent interaction dynamics.

– We show EgoHOI better aligns rollouts with user actions and improves
hand–object interaction realism, with comprehensive metrics and ablations
validating our physics-informed embeddings.

2 Related Works

Egocentric World Model & Video Generation. Egocentric World model
aims to simulate the physical world by predicting future visual observations in
a first-person viewpoint. Recently, there has been progress in the general world
models [5, 31], which usually take in detailed language descriptions as control
signals to generate future rollouts. For instance, Nvidia’s Cosmos [1], which was
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trained on 100M language-video pairs, can capture diverse real-world physics and
be fine-tuned for specific tasks. However, most of these models operate primar-
ily in image space, which makes physically plausible rollouts under high degrees
of freedom still challenging in practice. Unlike general world models, egocen-
tric world models often focus on more challenging tasks. In egocentric settings,
viewpoints constantly change, while hand-object interactions frequently influ-
ence the dynamic evolution of the scene, making it significantly more difficult
for world models to simulate [2,12,15]. PlayerOne [33] drives a first-person sim-
ulator with whole-body motion to maintain consistent visual rendering across
scenes, while GEM [13] jointly generates RGB and depth streams conditioned on
ego-trajectory and object identity features. Beyond PlayerOne and GEM, many
existing efforts focus on designing view-transformation or hand-trajectory con-
trols for first-person generation, rather than grounding rollouts in reconstruction-
based 3D priors or causal hand–object dynamics. EgoExo-Gen [39] is one exam-
ple that generates a first-person video by watching a third-person view of the
same scene. Zhang et al. [44] first predict a coarse hand trajectory and then
condition a latent diffusion model to generate future frames. Overall, prior ego-
centric world models focus on plausible first-person rendering, but hand–object
interaction is less emphasized, and maintaining physically consistent interaction
dynamics remains difficult.
Hand-Object Interactions Synthesis. Hand–object interaction (HOI) syn-
thesis targets interactions that are visually realistic and physically plausible by
jointly modeling appearance, relative geometry, and contact semantics [6, 8, 11,
20,22,23,26]. In the egocentric setting, MEgoHand [50] synthesizes hand–object
motion from first-person RGB together with text and an initial hand pose. Be-
yond egocentric inputs, a dominant trend in general HOI generation is reference-
conditioned interaction alignment, where models leverage reference signals such
as target poses, relative transforms, or motion trajectories to improve control-
lability and contact quality. These include image-level refinement of hand–object
alignment [18], geometry and relation aware motion generation with diffusion [41],
multimodal video generation guided by an HOI adapter [17], open world synthe-
sis with affordance guidance and physics refinement [47], and tokenized sequence
models that translate between language and long 3D HOI sequences [16].

3 Method

3.1 Preliminary

World Model Formulation A world model fθ captures action-driven inter-
nal state dynamics and enables rollouts by iteratively predicting how the state
evolves under actions. Let xt ∈ X denote the internal state and let at denote the
action applied at time t. The action-driven transition dynamics are:

xt+1 = fθ(xt, at), (1)
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Fig. 2: Overview of EgoHOI. We formulate EgoHOI as an egocentric world
model that predicts action-driven latent transitions with a DiT backbone. Lightweight
adapters inject physics-informed embeddings and object appearance, improving
hand–object realism, ego-motion consistency, and object identity across viewpoints.

and the observation function gϕ maps the internal state to the observation space:

ot ∼ gϕ(xt), (2)

where ot denotes the observable signal. Given an initial observation o1, an en-
coder produces the initial internal state x1 = eϕ(o1). A rollout over horizon
L is obtained by recursively applying fθ under an action sequence {at}Lt=1 and
mapping the resulting latent states to predicted observations via gϕ.

In this view, a world model serves as an action-driven simulator: actions are
treated as interventions that induce state transitions, and rollouts should predict
the causal effects of actions on the world state, instead of only reconstructing the
agent’s kinematic trajectory. In EgoHOI’s setting, we instantiate the transition
model fθ with a DiT backbone to realize action-driven evolution of the model’s
internal state in a VAE latent space; eϕ and gϕ are the VAE encoder and decoder
that map video frames to and from this latent representation.

Diffusion Process Video generative models [3, 14] generates samples by it-
eratively denoising random noise through a learned reverse diffusion process.
Formally, we consider a latent representation z0 of an initial clean data sam-
ple obtained from a variational autoencoder (VAE) that encodes the video into
its latent space. A forward process q gradually adds Gaussian noise to z0 over
T time steps, producing a sequence z1, z2, . . . , zT . At each step, noise is added
according to a variance schedule βT

t=1. For example, a common formulation is:

q(zt|zt−1) = N (zt;
√
1− βt zt−1, βtI), t = 1, ..., T (3)
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with βt ∈ (0, 1) controlling the noise level. As t increases, the latent zt becomes
increasingly noisy; in the limit zT approaches a standard Gaussian noise. Equiv-
alently, one can express zt in closed form as a noisy mixture of the original latent
and noise:

zt =
√
ᾱt z0 +

√
1− ᾱt ε (4)

where αt := 1−βt, and ᾱt :=
∏t

s=1 αs is the accumulated noise attenuation. Here
ϵ ∼ N (0, I) represents standard Gaussian noise. The reverse process learns to
invert this degradation by removing the noise from zt to reconstruct the original
latent representation. The denoiser is trained to predict the noise added to the
latent, with respect to the loss function:

L = Ez0, ε, t

[∥∥ ε− εθ(zt, t)
∥∥2
2

]
(5)

By minimizing this objective, the model learns to remove noise and recover the
clean latent z0 from a noisy zt.

3.2 Latent-Space World Modeling for Egocentric HOI

We model egocentric hand–object interaction (HOI) synthesis as action-driven
world modeling in a compact latent state space. Given the first-frame observation
I1 ∈ RH×W×3, we obtain an initial latent state z1 via the VAE encoder. The
action signal at each step t is specified by hand kinematics Ht and metric head
motion Ct, forming an L-step action sequence {(Ht,Ct)}Lt=1. Our goal is to
predict the temporal evolution of latent states under actions and decode them
into future first-person observations. Concretely, the world model defines action-
driven latent dynamics that evolve the state over time,

zt+1 = fθ(zt, H
t, Ct), t = 1, . . . , L, (6)

and the predicted observation rollout is obtained by decoding {zt} into Î2:L+1.
Modeling egocentric HOI dynamics in latent space is challenging due to the

coupled effects of high-DoF hand articulation, metric ego motion, and contact-
driven object dynamics. We regularize the action-driven latent evolution without
relying on privileged future object states. The next section introduces physics-
informed embeddings distilled from 3D geometric and kinematic estimates, which
promote physically plausible latent dynamics.

3.3 Physics-Informed Embeddings

To constrain HOI rollouts without using privileged future object states, we dis-
till 3D geometric and kinematic estimates into compact physics-informed em-
beddings. Concretely, we derive three embeddings from complementary sources
of structure: (i) hand kinematics that describe high-DoF articulation, (ii) met-
ric ego motion that encodes the viewpoint trajectory, and (iii) an object-entity
anchor tied to the first frame to stabilize object-centric appearance under in-
teraction. These embeddings are injected into the latent dynamics to provide
per-step geometric and kinematic context, thereby guiding state evolution to-
ward physically plausible dynamics.
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Hand Kinematic Embeddings (HKE). The goal of HKE is to capture dense
hand motion structure from reconstructed 3D hand estimates, which is essen-
tial for contact-consistent HOI rollouts under high-DoF articulation. Rather than
representing actions as sparse coordinate vectors, we use explicit per-frame hand
renders obtained from reconstructed meshes as a dense 3D representation. We
stack a sequence of hand render frames {Ht}Lt=1 and encode them with a tempo-
ral 3D convolutional stack with SiLU activations, which gradually increases the
channel dimension and maps the hand stream to the shared the 5120-dimension
latent space. To stabilize hand identity and reduce temporal drift, we add a
reference-hand branch that encodes the first-frame hand pose P1 into a compact
feature Rref ∈ RH′′×W ′′×20 via a six-layer 2D convolutional pyramid (3×3 Conv
+ SiLU). Together, the temporal 3D Conv stack and the reference encoder pro-
duce hand kinematic embeddings that preserve fine-grained articulation struc-
ture and support physically plausible hand evolution during rollouts.

Ego-Motion Embeddings (EME). Ego head motion is a dominant factor in
first-person rollouts, where viewpoint changes couple tightly with hand motion
and occlusions. EME encodes metric head trajectory estimates into embeddings
aligned with the latent space, enabling geometry-consistent viewpoint evolution
over time. Given a head pose sequence {Ct}Lt=1 with intrinsics K ∈ R3×3 and
extrinsics E = [R : t] ∈ R3×4 (relative to the first frame), we adopt Plücker
embeddings to represent the per-pixel ray field induced by the head pose. For
each pixel (u, v), its embedding is pu,v = (o × du,v, du,v) ∈ R6, where o is the
head-frame optical center and du,v is the world-direction ray computed as:

du,v = RK−1

uv
1

+ t. (7)

This ray-based representation is invariant to the choice of scene origin and pre-
serves metric structure under head motion. By representing ego motion as an
image-aligned ray field, it avoids collapsing geometry into a low-dimensional pose
vector and instead imposes spatially resolved constraints on viewpoint evolution.
We stack per-frame Plücker tensors into a trajectory representation, process it
with causal 3D convolutions and hybrid spatiotemporal blocks that combine 2D
residual convolutions with temporal self-attention, and finally use a projection
head and patchifier to map features into the latent grid, yielding ego-motion
embeddings that regularize long-horizon viewpoint dynamics.

Object Entity Embeddings (OEE). Egocentric rollouts can suffer from ob-
ject entity drift, which often appears as instability in color, texture, and fine
details under rapid ego motion and partial occlusions. To stabilize object enti-
ties over time, OEE anchors each object to the first frame, providing a persistent
reference that supports coherent HOI evolution across the rollout. Concretely,
we use the first-frame object segmentation image, obtained from an off-the-shelf
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segmentation model, to isolate object-centric evidence and reduce background
interference under viewpoint changes. The segmentation is encoded by the frozen
video VAE encoder into a latent grid, and a 3D convolutional patchifier converts
it into tokens aligned with the main latent stream. Operating in the same latent
parameterization as the backbone, OEE yields features that mitigate drift and
preserve object-centric details throughout the rollout.

3.4 Latent Space Integration

We incorporate physics-informed embeddings into the frozen Wan-DiT in a single
token-space forward pass by first aligning each embedding stream to the main
token layout and shared token dimension d (as shown in Fig. 2). Let the Wan-
VAE latent be z ∈ RB×F×H×W×C and the corresponding main token sequence
be Tmain ∈ RB×N×d. Each embedding tensor is projected and patchified into an
aligned token sequence compatible with Tmain, enabling Wan-DiT to leverage
physics-informed structure for latent evolution without modifying the original
backbone architecture.

Action-Driven Token. The hand encoder produces hand tokens THKE in
RB×N×d, which are fused into the main token stream via a gated residual update:

X0 = Tmain + γhT
HKE (8)

where γh is a learnable gate. In parallel, the reference-hand branch produces a
first-frame hand feature that is added to the first-frame latent and concatenated
with the noise latent before patchification, tying the initial hand configuration to
the latent state space. The ego-motion adapter outputs geometry tokens TEME ∈
RB×N×d. For compatibility with the extended sequence length introduced below,
we zero-pad TEME to obtain with the same length as the active token sequence.
In the first D DiT blocks, we apply per-block zero-initialized linear adapters
Ul : Rd → Rd to generate residuals:

∆Xl = Ul

(
TEME) (9)

which are added to the block input. This construction regularizes viewpoint
evolution under metric head motion while preserving backbone stability at ini-
tialization.

Object-Entity Token. A object patchifier converts first-frame object entity
features into tokens TOEE ∈ RB×N×d. We assign shifted RoPE to spatially
anchor these tokens as an independent reference stream, then append them to
form the extended sequence

Tall = [X0; T
OEE] (10)

Within each DiT block, the object-entity tokens participate as KV-only con-
text during self-attention; only the main tokens are decoded, which provides a
persistent entity reference that reduces drift in long rollouts.
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GT Wan Cosmos 2B  Ours (EgoHOI)Cosmos 14B  Uni3C

Fig. 3: Qualitative comparison with baselines. Columns from left to right show
the ground truth (GT), Wan, Cosmos-2B, Cosmos-14B, Uni3C, and our EgoHOI model.
All methods receive the same first frame as input; compared with the baselines, our
model better preserves hand and object geometry, maintains object identity, and pro-
duces more stable interaction dynamics over time. See the zooming boxes for compar-
ison of the fine-grained details.

First-Frame Anchor The first frame is encoded by the Wan VAE encoder as
Y, and the reference-hand feature is added to Y to couple initial kinematics and
appearance. Before patchification, we concatenate Y with the noise latent along
the channel dimension. In parallel, the first frame is processed by the CLIP image
encoder [30] to obtain global image embeddings; these embeddings are linearly
projected and provided as fixed keys and values to the cross-attention layers of
Wan-DiT, encouraging preservation of overall scene structure and appearance
consistency during denoising.

4 Experiment

4.1 Experiment Setup

Implementation Details We choose Wan 2.1 14B [34] as our model backbone.
We start from the official checkpoint with LoRA rank set to 128 and LoRA alpha
set to 128. The inference step and the learning rate are set to 50 and 1× 10−5.
We use the Adam optimizer with BF16 precision. The cfg is set to 1.0. We train
our model for 8000 steps on 16 NVIDIA H100 GPUs with a batch size of 1 and
a sample resolution of 480× 480. The training process lasts for approximately 1
day. During training and inference, our frame length is set to 81. After training,
our model can achieve 16 FPS when simulating hand-object interaction.

Benchmark Since there is no publicly available benchmark for world modeling
in egocentric hand–object interaction, we construct an evaluation benchmark
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Table 1: Comparison with baselines. We compare EgoHOI against a Wan
backbone, Cosmos world models (2B, 14B) and Uni3C on frame prediction
(PSNR/SSIM/LPIPS/Object-CLIP), ego-motion consistency (ATE/RRE/RPE), and
kinematic fidelity (MR/MPJPE/RMSE). ↑ higher is better, ↓ lower is better.

Method Frame Prediction Ego-Motion Consistency Kinematic Fidelity

PSNR ↑ SSIM ↑ LPIPS ↓ Object-CLIP ↑ ATE ↓ RRE ↓ RPE ↓ MR ↓ MPJPE ↓ RMSE ↓
Wan [34] 14.78 0.46 0.52 0.86 0.124 10.687 0.036 19.67% 0.049 0.083
Cosmos 2B [1] 15.49 0.56 0.41 0.87 0.116 9.515 0.026 16.23% 0.044 0.078
Cosmos 14B [1] 15.89 0.59 0.38 0.88 0.112 9.046 0.022 14.61% 0.041 0.074
Uni3C [4] 14.21 0.50 0.55 0.82 0.168 14.209 0.026 20.50% 0.073 0.089

Ours (EgoHOI) 21.05 0.65 0.27 0.92 0.084 5.192 0.021 5.84% 0.014 0.044

from HOT3D. We select 100 clips from scenes that are excluded from the training
set. Each clip contains 150 frames and provides hand mesh renders and camera
trajectories. Although our model operates on 81-frame rollouts, we make full use
of each 150-frame clip by extracting multiple 81-frame sub-clips with a sliding-
window scheme, where the window length is fixed to 81 frames and is shifted
along the clip to form evaluation samples.

Metrics We evaluate the model from three complementary aspects: visual pre-
diction, ego-trajectory consistency, and kinematic fidelity. Visual prediction is
measured by PSNR, SSIM [37], LPIPS [45], and Object-CLIP [40]. We addi-
tionally report VBench [48] scores to assess perceptual and temporal quality, in-
cluding Subject Consistency, Background Consistency, Motion Smoothness, Dy-
namic Degree, Aesthetic Quality, and Imaging Quality. Ego-motion consistency
is quantified by ATE, RPE, and RRE between the estimated and ground-truth
camera trajectories. Kinematic accuracy is computed with HaMeR [29] on both
ground-truth and generated results, reporting Missing Ratio (MR), MPJPE, and
RMSE on hand segmentation images. Details are in the supplementary material.

4.2 Comparison with Baselines

We compare EgoHOI with three tiers of baselines for egocentric HOI rollouts.
Wan [34] serves as a backbone-level video generation baseline. Cosmos 2B and
14B [1] are general-purpose world models at two parameter scales. We also in-
clude Uni3C [4], which offers stronger camera and human motion control. Wan
and Cosmos are fine-tuned from released checkpoints using the same data and
protocol as EgoHOI, and all methods are evaluated on the same datasets, met-
rics, and pipeline. Several recent egocentric world models [33, 38] are omitted
because their implementations are not publicly available at submission time,
which prevents a reproducible evaluation under our protocol.

Table 1 reports frame prediction, ego-motion consistency, and kinematic fi-
delity. Scaling from Wan to Cosmos yields modest gains in frame quality, but
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motion-related performance remains limited. For example, Cosmos 14B reaches
ATE 0.112 and MR 14.61%. Uni3C improves motion control, yet it degrades un-
der rollout evaluation, with the largest ego-motion errors and weakest kinematic
fidelity (ATE 0.168, RRE 14.209, MR 20.50%), suggesting that motion control
alone does not recover contact-driven interaction dynamics. In contrast, EgoHOI
performs best across all metric groups. It increases PSNR to 21.05 while sub-
stantially reducing ego-motion and hand kinematic errors, indicating that our
physics-informed embedding extraction and injection improve interaction dy-
namics and temporal physical consistency, rather than only per-frame quality.
Additional object-level comparisons are provided in the supplementary material,
including OPE and OOE from our ablation study.

For VBench in Tab. 2, EgoHOI achieves the highest subject consistency
(95.51%), background consistency (94.91%), aesthetic quality (52.03%), and
imaging quality (64.48%). Its lower Dynamic Degree (53.29%) reflects a de-
sign choice that prioritizes stable hand–object interactions over highly dynamic
camera motion. Qualitatively (Fig. 3), Wan exhibits drift; Cosmos produces
sharper frames but shows contact-region errors and small-object inconsistencies;
Uni3C constrains camera motion but remains unreliable around contact. Over-
all, changing backbones, scaling model size, or enforcing motion control does
not address the core challenge of egocentric HOI world models, whereas EgoHOI
regularizes action-driven dynamics with physics-informed embeddings distilled
from 3D priors to yield more plausible rollouts. More visualization is included
in the supplementary material.

Table 2: VBench Evaluation of the Baselines. Reported scores cover subject
consistency, background consistency, motion smoothness, dynamic degree, aesthetic
quality, and imaging quality. For the consistency and perceptual quality metrics, higher
values correspond to better results, whereas dynamic degree characterizes how dynamic
the generated content is rather than its realism.

Method Subject
Consistency

Background
Consistency

Motion
Smoothness

Dynamic
Degree

Aesthetic
Quality

Imaging
Quality

Wan [34] 91.40% 93.14% 99.19% 64.75% 46.57% 58.58%
Cosmos 2B [1] 89.01% 93.00% 99.27% 87.50% 46.88% 62.98%
Cosmos 14B [1] 93.21% 93.56% 99.32% 89.50% 49.83% 63.78%
Uni3C [4] 91.91% 94.29% 99.33% 49.00% 47.03% 61.47%
Ours (EgoHOI) 95.51% 94.91% 99.40% 53.29% 52.03% 64.48%

4.3 Ablation Study

We provide a detailed ablation analysis of EgoHOI by isolating how each com-
ponent supports egocentric hand–object rollouts along three aspects: kinematic
fidelity, object entity stability, and ego-motion consistency. Across kinematic fi-
delity (Tab. 3), ego-motion consistency (Tab. 4), and object integrity (Tab. 5),
we compare several configurations of EgoHOI. Base uses the Wan 2.1 DiT video
backbone without HKE, OEE, or EME. The HKE Injection, OEE Injection,
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Fig. 4: Qualitative results for ablation on kinematic fidelity. Rows: GT, Base,
HKE Injection, Ours (EgoHOI). HKE improves hand articulation stability and reduces
local shape distortion. Zoom-in boxes highlight clearer hand–object contact details. The
full model is the most stable, matching MR/MPJPE/RMSE.

Table 3: Ablation on kinematic fidelity. We ablate HKE Injection and report
hand motion fidelity in generated videos using MR, MPJPE, and RMSE; ↓ indicates
lower is better.

Method MR ↓ MPJPE ↓ RMSE ↓

Ours (base) 28.77% 0.576 0.089
HKE Injection 6.47% 0.015 0.044

Ours (EgoHOI) 5.84% 0.014 0.044

and EME Injection variants each enable a single component on top of this back-
bone, which isolates its contribution under otherwise identical settings. EgoHOI
activates three components jointly and corresponds to the model used in the
main experiments. All variants share the same data, training and optimization
settings. We measure kinematic fidelity with MR, MPJPE, and RMSE, object
entity with Object-CLIP together with VBench Subject Consistency and Imag-
ing Quality, and ego-motion consistency with ATE, RPE, and RRE.

Study on Kinematic Fidelity Tab. 3 examines the effect of HKE on hand
state evolution over egocentric rollouts. Compared with the base variant, adding
HKE reduces the MR and MPJPE to 6.47% and 0.015 from 28.77% and 0.576, re-
spectively, indicating more reliable hand localization and substantially improved
joint accuracy under interaction and partial occlusions. The reduction in RMSE
further suggests that the hand region matches the ground truth more closely
in both shape and RGB appearance over the sequence. The full model, which
combines HKE with OEE and EME, further improves these metrics to 5.84%,
0.014, and 0.044. Qualitatively (Fig. 4), HKE mitigates hand-shape collapse and
temporal fluctuations, while the full model yields the most stable hand evolution
across time with fewer distortions during frequent hand–object interaction.
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Table 4: Ablation on ego-motion consistency. We evaluate the EME injection
variant on long-horizon egocentric rollouts using ATE, RRE, and RPE, and compare
it with the base backbone and the full EgoHOI model; ↓ indicates more consistent
ego-motion trajectories and reduced accumulated drift.

Method ATE ↓ RRE ↓ RPE ↓

Ours (base) 0.133 15.249 0.039
EME Injection 0.096 6.525 0.023

Ours (EgoHOI) 0.084 5.192 0.021
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Fig. 5: Qualitative results for ablation of ego-motion consistency Rows: GT,
Base, EME Injection, Ours (EgoHOI). EME mitigates long-horizon ego-motion drift
and improves viewpoint stability. Zoom-ins highlight cleaner details under viewpoint
changes. The full model best matches ATE/RRE/RPE gains.

Study on Ego-Motion Consistency Tab. 4 and Fig. 5 examine ego-motion
consistency over egocentric rollouts using ATE, RRE, and RPE. Compared with
the base variant, enabling EME reduces these ego-motion errors and allevi-
ates accumulated viewpoint drift over time. The full model achieves the best
ego-motion metrics, reaching ATE/RRE/RPE of 0.084/5.192/0.021, which indi-
cates closer agreement with the ground-truth viewpoint changes. Qualitatively
(Fig. 5), EME injection yields more stable viewpoints with less drift across time,
and the full model further improves global temporal coherence. Overall, improv-
ing ego-motion consistency is important for egocentric rollouts, and our ablation
shows that EME is a key factor in reducing ATE/RRE/RPE.

Study on Object Integrity. Tab. 5 examines the effect of OEE on object in-
tegrity over egocentric rollouts. Compared with the base variant, OEE injection
improves Object-CLIP from 0.81 to 0.83 and increases VBench Subject Con-
sistency and Imaging Quality from 85.26% and 52.55% to 87.90% and 54.75%,
respectively, indicating more stable object appearance over time. We addition-
ally report object pose errors in this ablation: object position error (OPE) and
2D orientation error (OOE) computed from object masks (details are included
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Table 5: Ablation on object integrity. We evaluate the OEE injection variant
on egocentric rollouts, where object integrity refers to preserving object identity and
maintaining stable object pose under interaction. We report Object CLIP, Subject
Consistency, and Imaging Quality (↑ is better), together with object position error
(OPE) and 2D orientation error (OOE) computed from object masks (↓ is better).

Method Object
CLIP ↑ Subject

Consistency ↑ Imaging
Quality ↑ OPE ↓ OOE ↓

Ours (base) 0.81 85.26% 52.55% 0.141 27.739
OEE Injection 0.83 87.90% 54.75% 0.131 24.124

Ours (EgoHOI) 0.92 95.51% 64.48% 0.015 9.412
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Fig. 6: Qualitative results for ablation of object integrity. Rows: GT, Base,
OEE Injection, Ours (EgoHOI). OEE reduces texture flicker and appearance drift,
preserving object-specific details through interaction and occlusion. Zoom-ins highlight
more stable patterns and edges. The full model yields the most consistent results.

in supplementary materials). OEE injection reduces OPE from 0.141 to 0.131
and OOE from 27.739 to 24.124. The full model further improves these met-
rics to 0.92, 95.51%, and 64.48%, while substantially reducing OPE/OOE to
0.015/9.412. Qualitatively (Fig. 6), OEE injection mitigates drift in object ap-
pearance and reduces pose deviations, and the full model yields the most coher-
ent object evolution during periods of frequent hand–object interaction.

5 Conclusion

We introduce EgoHOI, an egocentric world model for photorealistic, action-
driven hand–object interaction synthesis. EgoHOI generates physically plausible
HOI rollouts from user actions while preserving object identity and realistic inter-
actions. On HOT3D, EgoHOI improves visual quality, ego-motion consistency,
and kinematic fidelity, with ablations validating the roles of physics-informed
embeddings and first-frame appearance. Its egocentric HOI rollouts further sug-
gest potential applications in VLA pre-training, latent action modeling, policy
evaluation, and egocentric video understanding.
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