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Egocentric Simulation from Dexterous World Models

Figure 1. Dexterous World Models predict egocentric visual dynamics of static 3D scenes, driven by dexterous hand manipulations.

Abstract

Recent progress in 3D reconstruction has made it easy
to create realistic digital twins from everyday environments.
However, current digital twins remain largely static, limited
to navigation and view synthesis without embodied inter-
activity. To bridge this gap, we introduce Dexterous World
Model (DWM), a scene-action-conditioned video diffusion
[framework that models how dexterous human actions induce
dynamic changes in static 3D scenes. Given a static 3D
scene rendering and an egocentric hand motion sequence,
DWM generates temporally coherent videos depicting plau-
sible human-scene interactions. Our approach conditions
video generation on (1) static scene renderings following
a specified camera trajectory to ensure spatial consistency,
and (2) egocentric hand mesh renderings that encode both
geometry and motion cues in the egocentric view to model
action-conditioned dynamics directly. To train DWM, we
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construct a hybrid interaction video dataset: synthetic ego-
centric interactions provide fully aligned supervision for
Jjoint locomotion-manipulation learning, while fixed-camera
real-world videos contribute diverse and realistic object
dynamics. Experiments demonstrate that DWM enables re-
alistic, physically plausible interactions, such as grasping,
opening, or moving objects, while maintaining camera and
scene consistency. This framework establishes the first step
toward video diffusion-based interactive digital twins, en-
abling embodied simulation from egocentric actions.

1. Introduction

World models [14] aim to capture the underlying structure
and dynamics of the environment so that intelligent systems
can reason, plan, and act effectively. Modeling dynamic con-
sequences and causal relationships is central to world model-
ing, which enables the prediction of environmental changes
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resulting from a wide range of actions. Notably, many of
the most important and complex dynamics are driven by
human-environment interactions, where humans manipulate
objects and actively alter the state of the world. A practical
world model must therefore: (1) maintain a consistent rep-
resentation of the static components of a scene, (2) accept
an action specification (e.g., dexterous hand manipulation)
that induces dynamic changes, and (3) generate the resulting
dynamics while faithfully preserving the unaltered regions.

While video generative models [52] provide a promising
foundation for world modeling, they remain insufficient to
function as a faithful world model. These models typically
attempt to synthesize the entire scene, both static and dy-
namic regions, making it challenging to focus on the specific
dynamic changes induced by action inputs. Furthermore,
most video models [3, 42, 52] accept only textual instruction
as “action input”. However, textual descriptions are inher-
ently imprecise, as they cannot accurately specify human
actions such as hand configurations, fine-grained temporal
control, both of which are crucial for modeling realistic hu-
man manipulations. Many existing world models often treat
camera motion as the action input [6, 63]. However, cam-
era motion is not the primary drivers of world dynamics.
The most significant source of changes in everyday settings
is dexterous hand interaction, such as grasping and object
manipulation, which are absent from existing approaches.

In this paper, we present Dexterous World Models
(DWM), a new formulation of world modeling that takes
both a static scene and dexterous human hand motions as
input, and predicts the dynamic changes induced by those
actions, as shown in Fig. 1. Unlike existing approaches that
require the model to synthesize the entire scene, both static
and dynamic, we explicitly provide a rendering of the static
environment as input, together with dexterous hand trajec-
tories captured from an egocentric perspective. This design
reflects a more natural setting because humans also perceive
and internalize the static world before acting upon it, en-
couraging the model to focus on the dynamic changes of the
world induced by human actions, while preserving others.
The egocentric formulation further provides inherent ground-
ing for interaction because it naturally captures the user’s
focus of attention and hand trajectory during manipulation.

To realize our new formulation, we implement DWM as a
scene-action-conditioned video diffusion model that enables
action-conditioned simulation in static 3D scenes. DWM
is designed to capture how human actions induce dynamic
changes in an otherwise static environment, directly mod-
eling realistic scene interactions driven by dexterous hand
actions. Our approach conditions the diffusion process on
two inputs: (1) a static scene video rendered along a speci-
fied camera trajectory to ensure spatial consistency, and (2)
egocentric hand mesh renderings that encode geometric and
motion cues for modeling action-conditioned dynamics. A

core idea behind our formulation is to model only the resid-
ual dynamics caused by human actions while preserving all
unaltered regions. To achieve this, we initialize DWM from
a pretrained video inpainting diffusion model [1]. When
given a full mask, such models reproduce the input video, ef-
fectively behaving as an identity mapping with a generative
prior. Under this initialization, using the static scene video as
input establishes a base output that preserves the egocentric
camera motion and scene appearance without introducing
interaction dynamics. Conditioning the model on dexterous
egocentric hand motions then guides the diffusion process to
synthesize only manipulation-induced changes.

As no existing dataset provides paired static scene ren-
derings and corresponding interaction videos captured under
identical camera trajectories required by our formulation, we
leverage a synthetic 3D human—scene interaction dataset [20]
to construct aligned interaction videos, static scene videos,
and hand videos. While synthetic data provides precise align-
ment under identical camera trajectories, it offers limited
diversity in interaction dynamics. We therefore additionally
incorporate fixed-camera real-world interaction videos [58],
enriching the model with diverse and realistic interaction
dynamics. Our experiments show that DWM generalizes
to real-world scenarios involving combined locomotion and
manipulation. Beyond video synthesis, we demonstrate that
DWM can be used as a visual world model for simulation-
based action evaluation by comparing the predicted visual
outcomes of candidate actions against a given goal.

Our main contributions can be summarized as follows:
(1) We introduce Dexterous World Models (DWM), a new
formulation of world modeling via scene-action-conditioned
video diffusion. (2) We propose a conditioning scheme that
leverages static scene videos and egocentric hand motions
to model interaction-induced residual dynamics. (3) We
construct a hybrid training dataset combining synthetic ego-
centric interactions with fixed-camera real-world interaction
videos, which provides aligned supervision and realistic in-
teraction dynamics. (4) We show that DWM can be used for
simulation-based reasoning by simulating the visual conse-
quences of candidate actions.

2. Related Work

World Models. World models aim to learn predictive en-
vironment dynamics, enabling agents to anticipate how the
world evolves in response to actions. The classical formula-
tion of Ha and Schmidhuber [14] demonstrated that compact
latent dynamics can support imagination-based planning,
inspiring extensive work that integrates learned world mod-
els with reinforcement learning for control and decision-
making [15, 16, 60]. While effective, these approaches typ-
ically operate in low-dimensional latent spaces and do not
model rich visual interactions. To capture full visual scene
evolution beyond latent dynamics, recent work adopts video



generative models to build visual world models that predict world model can be written as:
future observations directly in pixel space. Action condi- Do N e .
tioning in these models commonly relies on camera pose © (Sur 1SoiAre) =P (So* S Dege 1SoiAwe)s (1)
changesf] or Pliicker-ray encodings[L, 63], and is often whereSy denotes the initial scene environment agde
augmented with depth or point-map observatiafis §4, 55| represents the sequence actions applied to the world.
or joint RGB—geometry generation§, 59, 63] to enforce are the resulting environment states after the actions. To
3D consistency. More recent work expands the action emphasize the dynamic component, we express each future
space to include human body motidi [iC] or robot ac-  State asS; = So + S , where S  captures the action-
tion [29, 46]. These approaches commonly adopt an imageinduced residual changes relative to the initial static scene.
to-video paradigm that hallucinates both the scene and its  Existing navigation-only visual world models,[63] pri-
evolution from a single frame, entangling background syn- marily focus on large-scale navigation and novel view pre-
thesis with action-driven dynamics. Meanwhile, world mod- diction, where action#\ 1. mainly correspond to camera
els designed for robot-arm manipulatiorB] 19, 62] typi- motion G.¢, thatisp (V1 j 10;CG:e). TheV g de-
cally assume a xed camera viewpoint, and therefore cannotnotes future visual observations ahgis the initial frame
model tasks that require both navigation and manipulation.that provides a partial 2D observation of the underlying
Beyond these approaches, video diffusion models have alsstatic scen&g. These models aim to predict unseen views
been explored as simulators for training embodied agentsV: = (S 0;G), where is a rendering function under
in driving [18, 38], game environments![ 9, 41], or text- camera viewG. This formulation often assumes a static
generated worlds7]. However, these approaches rely on environment with no state change, expressed as S = ?.
abstract or limited action spaces and do not model ne- Alternatively, recent work, 40] attempts to incorporate
grained, contact-rich human—scene interactions. In contrasthuman actions into dynamic scene modeling by expanding
our approach assumes a known static environment and foA1r = fC1r;H1r g, whereH denotes human actions.
cuses on modeling interaction-induced visual dynamics from However, this formulation remains suboptimal for modeling
dexterous hand actions, while preserving the static scene. dynamics because the model must synthesize both scene
appearance and dynamic changes as an entangled repre-
sentation. More formally, such models can be written as
Interactive 3D Scene Reconstruction. Recentadvances p (V 1r jlo;A1r =fC1F;H1FQ), and it can be factor-
in 3D reconstruction44, 451 have made dense geometry ized by marginalizing over the latent static sceheand
and camera pose recovery from images increasingly accessaction-induced dynamics S :

ble, lowering the barrier to creating static 3D scenes. How- A z S s il
ever, most existing methods still produce static, monolithic P ¢/ #F 11erAe) = (P71 S0i S we JloiAsre 2)
scene representations that lack object-level disentanglement. P’ Vir S0 S e iloiAre dSod'S ye:

To enable interaction and editing, recent work explores de-Here, pd is the dynamics model that samples the scene
compositional neural reconstructiofi(f 31, 48, 50 and and action-induced changé8; S 1.r ) given the actions
articulated scene modeling, either by estimating articulation o .. = fC; Hg 1. , while p° is the observation model that
structures 4, 25, 27, 41] or reconstructing full geometry  maps Jatent world states to visual framés . The observa-
and appearance using 3D Gaussian Splatfiigd1]. These  tjon model can be simplied t@® V 1. j So; S 1.+ ;Cir ,
approaches often require additional supervision such as jointyg the visual outcom¥ 1. is conditionally independent
axis estimatesdps, 39 or detailed segmentatio§], limit- from the action inpufHg 1+ and image observatiory,
ing scalability and generalization. In contrast, our approach given the known dynamics$ 1. and entire static scene
focuses on modeling everyday dexterous human—objecting,  Simijlarly, in the dynamics model, we may drop the
teractions directly from static 3D scenes. By conditioning camera motion since it does not affect the world dynamics:
a video diffusion model on egocentric camera motion and yd .- S ;.- j1o;Hyr : However, since this dynamics
ne-grained hand manipulations, we simulate temporally model is still required to generaS as part of the output
coherent interaction dynamics without explicit articulation ¢ongitioned on the action sequence, it becomes vulnerable
modeling, bringing visual interactivity to static digital twins. g altering the static world instead of focusing on the de-
sired dynamic state changé&s 1. . This coupling of scene

3. Method generation and dynamics breaks causal consistency, making
. accurate dynamic modeling dif cult.
3.1. Formulation of Dexterous World Models In our DWM formulation, we explicitly separate the static

world Sy from its dynamics by conditioning the model on

World models 4] aim to predict how actions transform
L4 P So. Our dexterous world model thus learns:

the surrounding environment, allowing agents to simulate
or anticipate future outcomes. A general formulationofa p (V1 jSo;A1r)=p (V1F ] So;fCrr;H1rQ); (3)



Figure 2. Overview. DWM simulates egocentric visual dynamics induced by embodied actions within a given static 3D scene. We instantiate
it as a video diffusion model conditioned on the egocentric projections of the static scene and hand trajectories.

whereS, remains xed and only its state evolves according a causal relation where manipulation modi es the visual
to the applied actions. By introducing temporal scene dy-state of the scene, while the camera trajectory determines
namicsS 1. as a latent variable and marginalizing over it, how those changes are observed. Importantly, we instantiate

this can be expressed as the generative process as a latent video diffusion maut#l [
z conditioned on two egocentric signals: (1) a static-scene
i . - d H . 0 i . . . . .
POVur iSoidue)= B S ur [SeiAur B Vir 190 S arifar dS (4) video, (S o; GF ), that enforces spatial consistency along
= p SiriSoHir P° Vie S S 1riGr dS: the speci ed camera trajectory, and (2) a egocentric hand-
S

mesh rendering vide®p, 37], (H 1 ;G )), which en-
Unlike the previous modeling in Eq. (2), our dynamics model codes the manipulation actions that drive the dynamic scene
p? only produces the dynamic chang8s 1. conditionalto  changes. The model then simulates the resulting environ-
the action input# 1. . The observation modeP then trans-  ment states induced by the hand action inputs under the same
lates this evolving world, described §80; S 1), into a camera viewsyY 1r = (S 0+ S 1r;C:)). See Fig. 2
sequence of visual frames observed along the camera treor the overview of our framework.
jectory Gk , which is identical to the observation model in

Eq. (2). This structure de nes a clear causal process: ma”ipmpainting Priors for Residual Dynamics Learning. We

ulation drives state transitions in the world, and the camerasormy|ate the generation task as learning the residual visual
trajectory determines how these changes appear visually. change induced by hand manipulation action, rather than

3.2. Scene-Action-Conditioned Video Diffusion reconstructing the entire video from scratch. Given the tar-
get distributionp(V 1.r j (S 0;CGir); (H 1r:Gir)), we

Building on the formulation in Eq. (3), we instantiate our decompose it as:

framework as an egocentric, scene-action-conditioned video

diffusion model. Given a static 3D sceBgand asequence  Vir = (S 0+ S 1riGF))= (S 0;Cr)+ V 1r; (6)

of”embﬁd|ed ac;t|on9\r11;p ’ .the Irpodellgengrlat(hes a tempo- where V 1. denotes the action-induced residual dynamics

rally co_erent_wdeot at visualizes p ausible uman-scene; | 5 rendering space. Notably, whe® . affects only a

|nterz_i<_:t|ons with dynamic scene changes. _We add't_'ona”ysmall region or induces marginal changes, the correspond-

condition the model on a text prompt, which supplies

i id 10 the video diffusi T ding V ¢ is similarly small, and the resulting frames remain
Z:aimanrl]c rglii'van(;e 0 ?nVI ri% (ljiu?onrproct(iasrs]. WO %rounmclose to the static renderingS o; G.¢ ). Thus, an effective
S generalive process in embodied perception, We decomz, e tor this task should combine an identity mapping ca-
poseA1r = fC1F;Hyg ginto a camera trajectorg.r

5 : . ability for preserving static regions with strong generative
and a hand manipulation trajectdsy.r , and assume a con- P yrorp g 9 99

ditional ind q fruct h that the visual griors for modeling dynamically changing areas.
ional indepenaence structure such that the Visual SEqUENCE iy ated by this observation, we reinterpret a pretrained
V1.r depends on the static worlsh and action®\ 1. only

h h thei : derinas: video inpainting diffusion modell] as an identity function
through their egocentric renderings: with generative prior and adopt it as the initialization of our
(Ve i SoiAseiT) POV 15§ (S 0:Cu )i (H 165G )T (5) dexterous world model. Inpainting models are trained to
reconstruct masked regions conditioned on visible context.
where (; C 1. ) denotes the 2D views observed along the When the maskis settm = 1 (all pixels known), the model
egocentric camera trajectoi§.r . This approximation  behaves as a near-identity operator that faithfully reproduces
grounds the dynamics in embodied perception, enforcingthe input video. Crucially, this is not a trivial identity: the



pretrained inpainting network , has learned to restore spa- alignment between static and interactive sequences. The
tial structure, temporal smoothness, and appearance contactor is parameterized using SMPL-X], which provides
nuity, giving it a strong generative prior even under fully full-body pose control. We place a virtual camera at the
observed inputs. By initializing DWM from such an inpaint- midpoint between the eyes in the canonical pose, aligned
ing model, we encourage the diffusion process to preservewith the head's forward axis and rigidly attached to the
static scene appearance and camera motion, while learnindpead joint, to simulate egocentric viewpoints. For each pre-
to generate only the interaction-induced residual dynamicsrecorded action sequence in TRUMANS, we render three
V 1¢ . This formulation leverages the identity-preserving synchronized outputs: (1) the interaction video captures the
behavior of the inpainting model to stabilize training while full human—scene interaction from the moving egocentric
learning interaction-induced residual dynamics. camera; (2) the static-scene video is rendered by replay-
ing the same camera trajectory over the static environment
Training. The model operates in the latent space of a pre-Without applying any object state changes; and (3) the hand-
trained video variational autoencoder (VABY| 57], which ~ Mesh video is obtained by rendering only the hand surfaces,
encodes an input video into latent tenspy2 Rf €W segmented from the full-body mesh, along the same trajec-
following the encoder's spatiotemporal compression ratio. tory. This setup ensures spatiotemporal alignment across all
At each diffusion timestep, the Diffusion Transformer Videos, providing a precise supervisory signal for learning
(DiT) [34] predicts the noise component from the noisy Manipulation-induced visual dynamics.
latentz; conditioned on the static scene video latantand
hand mesh video latents . The training objective follows  Fixed-Camera Real-World Interaction Videos. While

the standard latent diffusion loss [36]: synthetic data provides precise alignment, it lacks the com-
h i plex physical effects observed in the real world, such as uid
Liom =Ez Kk (zi;tjcs; ch)kg : @) dynamics, material deformation, and subtle visual variations.

To incorporate such effects, we additionally use real-world
The conditional latents are concatenated wijtlalong the human—object interaction videos recorded from xed cam-
channel dimension before being processed byDuring eras pg], whereG = Cp forallt 2 1;:::;F . Under this
inference, the model iteratively denoisgsto obtain2y, setup, the egocentric static scene video is time-invariant:
which is decoded by VAE into a realistic interaction video.
Y (S 0:G)=(S 0;G)=V o 8t2fl;:::;Fg: (8)

Therefore, by simply repeating the rst franve, across
Training our model requires paired data consisting of (i) a frames, we construct a static-scene video that aligns exactly
static scene video rendered along a camera trajectory, (iiwith the interaction video in viewpoint. Combined with pre-
an egocentric hand-mesh video, and (iii) a correspondingdicted hand-mesh renderindsl 1. ; G.r ), obtained via
interaction video depicting action-induced scene changesHaMeR [33], this enables us to construct training triplets
Collecting such triplets in real-world environments is chal- (V 1.r; (S 0; G ); (H 1.F;G:r)). Notably, existing ego-
lenging in practice, as it would require capturing both a centric datasets3[ 11, 17, 58] do not explicitly provide such
static scene and a dynamic human—object interaction undepairs aligned under shared camera motion. Our construction
a perfectly aligned egocentric camera trajectory. This align-leverages xed-camera setups to approximate this pairing,
ment is essential for learning how human actions transformenabling supervision without requiring separate static cap-
a static scene while preserving spatial consistency. Due taures or 3D scene reconstruction. This extends dexterous
the practical dif culty of obtaining such paired data under world modeling to real-world data while maintaining com-
dynamic egocentric viewpoints in the real world, we con- patibility with our observation model in Eq. (5).
struct a hybrid training dataset. Speci cally, we combine
synthetic egocentric interaction video pairs, which provide Real-World Captures for Evaluation. Although real-
precise alignment, with xed-camera real-world interaction \yorld paired data under dynamic egocentric viewpoints is im-
videos, which offer realistic physical dynamics. In addition, practical to obtain at scale, evaluating generalization to such
to evaluate generalization to real-world settings with dy- settings is essential for validating a world model. To this end,
namic viewpoints, we develop a dedicated data constructionye develop a dedicated data construction protocol to collect a
protocol to collect a real-world dataset for evaluation. real-world dataset for evaluation under dynamic viewpoints.

We use Aria 0], which provides millimeter-level camera
Synthetic Interaction-Static Scene Video Pairs. We trajectory estimates via built-in SLAM. During capture, the
leverage a synthetic 3D human-scene interaction datasefperator rst explores the scene before performing the inter-
TRUMANS [20], which offers full control over human ac- action, enabling reconstruction of a 3D Gaussian representa-
tions, scene states, and camera trajectories, allowing exadion of the static scene from pre-action framgs, [53]. The

3.3. Paired Interaction Video Dataset Construction



reconstructed scene is then rendered along the recorded cammamera setting (Real-World Dynamic), we use 48 samples
era trajectory during interaction, yielding paired static-scene from our custom captured dataset by Aria Glasses.
videos aligned with the corresponding ground-truth interac-Baselines and Metrics. We compare our approach against
tion sequences. Using this protocol, we collect 60 pairedtwo baselines that can directly utilize static scene videos as
real-world samples under dynamic egocentric viewpoints,conditioning inputs. First, We apply SDEdi{] to static
covering a wide range of interaction types, including simple videos using text-prompt guidance describing the target ac-
and complex pick-and-place, articulated object manipulation tion and resulting scene changes (CVX SDEdit). SDEdit rst
(e.g., opening a washing machine, folding a chair), and coun-adds noise to the input video, then denoises it through the
terfactual dynamics (e.g., pressing an elevator button and theSDE prior under text conditioning for video editing. We use
door opens, turning on a faucet and water ows). Examples CogVideoX [52] for denoising and set the noise strength to
are shown in our Supp. Mat.. 0.75 with 50 inference steps. Second, we evaluate a ne-tune
. . . version of our base model, CogVideoX-Fuf (CVX-Fun
3.4. Action Evaluation with DWM Fine-tuned). CogVideoX-Fun is an inpainting-based video

Given a static 3D scen®, and a set of action candidates diffusion model that takes an input video, a binary mask se-

fA @ gN, | we simulate their visual consequences using quence specifying the inpainting region, and a text prompt to

DWM as described in Eq. (3), producing videvs [0) Qo generate inpainted videos. We set the mask as ones and ne-
. , i=1 -

1F ; ; ;
We then rank the actions according to how well their pre- tune the model with our dataset without the hand-mesh video

dicted visual outcomes align with a given goal, speci ed condition. For the static camera setting, we additionally com-

either as a language instruction or an image. For Iangualgepalre against InterDyre], which synthesizes hand-object

based goals, we compute the semantic similarity be,[Weeninteraction videos from an initial frame using a hand-mask

() . video injected into the diffusion process via ControlNe][
each generated videw; and the goal texgiex USINg a . :
; ; : ) We evaluate generated videos using both perceptual and
pretrained VideoCLIP model [43]: . . . . :
pixel-level metrics against ground-truth videos. Speci cally,
we report LPIPS%7] and DreamSimJ12] scores for percep-
tual similarity, and PSNR and SSIM for pixel-level quality.
For each sample in our benchmark, we generate three videos
mwith random seeds and report the averaged results.

st = simve(V U5 ; e ©)
where simyc(; ) denotes the cosine similarity between
video and text embeddings. For image-based goals, we co

pare the nal framd (Fi) =V 9 of each simulation againsta 4 1. Comparison

goal image }oa using the LPIPS perceptual metric [57]:
Tab. 1 shows quantitative performance across synthetic and

SI(I'% = LPIPS(I (Fi) 1 goal); (10) real-world datasets under static or dynamic cameras, com-
9 plementing the qualitative results presented in Figs. 3 and 4.
where lower LPIPS indicates higher perceptual similarity. Real-World Scene with Static Camera. Fig. 4 compares
The best action is selected as the one maximizing the scoreour method with baselines in a real-world scene with a static
camera. CVX-SDEdit struggles to generate meaningful in-
A =argmaxsiy, or A =argmaxsn. (11)  teractions while maintaining scene appearance. CVX-Fun
A0 AO Fine-tuned often fails to interact with the correct target and
depending on the type of the given goal. This formulation hallucinates the object of interest. InterDyi} produces spa-
enables goal-driven action selection via simulation, without U2lly aligned hands with the input masks but fails to model

requiring explicit reward functions or real-world trials. resulting object dynamics. In contrast, our model synthe-
sizes physically plausible interactions in which hand actions

induce consistent scene changes, such as object displacement
or articulation. Quantitatively, ours outperforms baselines
Dataset. We construct a benchmark of 144 samples, eachacross all metrics on real-world static camera videos.
consisting of a static scene video, a hand-mesh video, a&Scenes with Dynamic Camera. Fig. 3 shows compar-
ground-truth interaction video. To ensure comprehensiveisons on synthetic and real-world scenes captured in dy-
evaluations, the benchmark includes both synthetic and realnamic views. Despite real-world scenes with dynamic view
world data. For the synthetic subset (Synthetic Dynamic),being completely unseen during training, and the absence
we sample 48 sequences from the TRUMANS] [that are of any training samples involving opening a window, DWM
excluded from training. The real-world subset includes 96 successfully generates coherent simulations, demonstrating
videos under static or dynamic camera settings. In the staticstrong generalization. This strong generalization is quan-
camera setting (Real-World Static), we use 48 samples untitatively validated in Tab. 1, where our method achieves
seen during training from TASTE-RobB{§]. For the dynamic  superior performance across all metrics.

4. Experiments



Synthetic Real-World

Dynamic Camera Static Camera Dynamic Camera
PSNR" SSIM" LPIPS# DreamSim# PSNR" SSIM" LPIPS# DreamSim# PSNR" SSIM" LPIPS# DreamSim#
CVX SDEdit 19.424  0.675 0.464 0.257 16.194  0.586 0.446 0.224 19.154  0.507 0.676 0.492
CVX-Fun Fine-tuned 20.541  0.767 0.370 0.175 18.951 0.780  0.265 0.089 18.129 0.472  0.591 0.328
InterDyn - - - - 19.331 0.744 0.240 0.135 - - - -
Ours 25.031 0.844  0.289 0.086 21547 0.816  0.227 0.057 21.654 0.550  0.557 0.225

Table 1. Quantitative comparisons on synthetic and real-world datasets. Our method consistently achieves the best performance across
all metrics and settings, demonstrating superior realism and physical coherence in scene-dynamics simulations.

Figure 3. Qualitative comparison on synthetic and real-world scenes with dynamic view. DWM successfully generates physically
plausible simulations with dynamic view changes corresponding to the input hand actions. Notably, our method generalizes well to
completely unseen real-world scenes, producing coherent action-conditioned dynamics such as opening a sliding window.

Figure 5. Navigation-manipulation disentanglement. Without
hand-motion input, DWM simulates navigation only. Conditioning
on hand motion enables the model to generate action-induced visual
dynamics, highlighting navigation-manipulation disentanglement.

Accurate Targeting. Fig. 6 demonstrates DWM's ability

to precisely select and manipulate the target according to
different hand-action conditions. The model responds to
variations in hand motion, resulting in accurate interactions.

Figure 4. Qualitative comparison on real-world scenes with
static camera. Our method produces realistic interactions with
consistent scene dynamics. Baselines fail to perform meaningful
actions or hallucinate incorrect interactions.

Action Evaluation. Fig. 7 illustrates how DWM can be
used as an action evaluator. The model simulates outcomes
Navigation-Manipulation Disentanglement. Fig. 5  for multiple action candidates and scores each based on
demonstrates DWM's ability to disentangle navigation and its proximity to the desired goal. Depending on the goal
manipulation. Without hand motion conditioning, DWM  speci cation, we measure either semantic alignment with
operates as a pure navigator. When conditioned on hand movideoCLIP [43] (for text goals) or perceptual similarity using
tion, it additionally models manipulation-induced dynamics, LPIPS [7] (for image goals). The action with the highest
generating realistic scene changes driven by hand actions. CLIP similarity or lowest LPIPS distance is selected.

4.2. Qualitative Results
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