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Abstract. Modeling dexterous hand—object interactions is challenging
as it requires understanding how subtle finger motions influence the
environment through contact with objects. While recent world mod-
els address interaction modeling, they typically rely on coarse action
spaces that fail to capture fine-grained dexterity. We, therefore, intro-
duce DexWM, a Dexterous Interaction World Model that predicts future
latent states of the environment conditioned on past states and dexterous
actions. To overcome the scarcity of finely annotated dexterous datasets,
DexWM represents actions using finger keypoints extracted from ego-
centric videos, enabling training on over 900 hours of human and non-
dexterous robot data. Further, to accurately model dexterity, we find that
predicting visual features alone is insufficient; therefore, we incorporate
an auxiliary hand consistency loss that enforces accurate hand config-
urations. DexWM outperforms prior world models conditioned on text,
navigation, or full-body actions in future-state prediction and demon-
strates strong zero-shot transfer to unseen skills on a Franka Panda arm
with an Allegro gripper, surpassing Diffusion Policy by over 50% on av-
erage across grasping, placing, and reaching tasks. Codes and dataset are
available on the project page: https://raktimgg.github.io/dexwm /|
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1 Introduction

As embodied agents become increasingly integrated into daily lives, dexterous
manipulation emerges as a critical capability for achieving human-like inter-
action with the physical world. Everyday tasks like cooking, as well as high-
stakes applications like surgery, demand a level of dexterity that is infeasible
with commonly used parallel-jaw grippers. Modeled after the human hand, dex-
terous grippers enable complex tool use, fine-grained movements, and in-hand
manipulation [36}45,/58,/64]. Recent advances in deep learning have produced
vision-based manipulation policies [22}23,35},52[54], yet these methods often
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Fig. 1: We introduce DexWM, a Dexterous Interaction World Model which predicts
future latent states of the environment from past states and dexterous actions. Trained
on large-scale human and non-dexterous robot videos, DexWM learns to simulate com-
plex trajectories. Further, with minimal fine-tuning on a small exploratory robot sim-
ulation dataset, DexWM enables planning for novel reaching, grasping, and placing
tasks in simulation, and transfers zero-shot to real-world robot grasping.

struggle to generalize to unseen tasks and to plan robustly in physical environ-
ments . Successful execution requires models that reason about how
actions affect the environment, such as recognizing that opening the hands when
holding an object will cause it to drop.

World models can learn environmental dynamics from observation and ac-
tion , and thus offer a promising solution. Early work on learned world mod-
els has primarily focused on small-scale tasks with constrained en-
vironments and limited action spaces. More recent efforts handle complex ac-
tions, such as text , navigation [10], and whole-body motion . However,
the action representations in these methods are typically too coarse to capture
the fine-grained structure required for modeling dexterous dynamics. Similar to
prior work in world models @, we define “dynamics” as the modeling
of how the agent moves in response to actions, how the environment reacts,
and how both appear from the camera’s viewpoint. An important application of
such dexterous world models is robotic manipulation. However, learning them
directly from robot data is challenging due to the lack of large-scale datasets
with dexterous grippers.

To address these challenges, we propose DexWM (Fig. , the first world
model that learns dexterous interaction dynamics from human videos. DexWM
predict future latent states based on past states and dexterous hand actions.
Inspired by recent work that leverages human training data, we pre-train
DexWM on EgoDex , a large-scale egocentric human interaction dataset,
and further incorporate DROID sequences, consisting of non-dexterous robot
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manipulation, to learn cross-embodiment dynamics. DexWM’s actions are repre-
sented as differences in 3D hand keypoints and camera poses, capturing detailed
hand configurations and enabling the model to learn how hand posture changes
affect the environment.

We find that accurately simulating hand locations using the next latent state
prediction objective alone is difficult. Therefore, we train DexWM to jointly opti-
mize the future environment state and the hand configuration, providing a richer
learning signal for dexterity. DexWM outperforms prior world models |2}8,(10]
in open-loop trajectory simulation, better captures fine-grained hand dynamics,
and demonstrates reliable controllability under arbitrary action sequences.

Furthermore, DexWM enables strong zero-shot transfer to robot manipula-
tion tasks of grasping, placing, and reaching by optimizing actions at test time
within a Model Predictive Control (MPC) framework. Notably, when deployed
on a real-world Franka Panda robot with the Allegro grippers, DexWM achieves
an 83% success rate in object grasping. Consistent with the robot learning lit-
erature [5,6L15,/30], we consider zero-shot as performing new skills like “Grasp”,
“Reach”, or “Place” despite not seeing them performed on the same embodiment
during training. To bridge the gap between training data and robot embodiment,
we fine-tune the model on about four hours of exploratory, non-task-specific dex-
terous data from the RoboCasa simulation suite [59]. Unlike existing behavior
cloning methods [22}[28}|75] that predict actions or waypoints from observation,
DexWM is used as a state-transition model within an MPC optimization frame-
work for planning waypoint trajectories, which are executed via low-level con-
trollers, thus offering greater robustness.

In summary, we introduce DexWM, a latent-space world model for learning
dexterous hand-object interaction dynamics directly from human videos. To
support fine-grained dexterity, we incorporate an auxiliary hand-consistency loss.
Furthermore, DexWM demonstrates that world models trained on human data
can scale effectively and transfer to zero-shot robotic manipulation tasks such
as reaching, grasping, and placing.

2 Related Work

Recent environment modeling approaches are largely built on Diffusion and Flow
Matching objectives, which learn to generate videos by denoising or integrating
learned velocity fields over time [241/41//56,,63,76,/77|]. Combined with large-scale
text—video training, these models have improved to the point where they can
simulate highly realistic videos from textual prompts [12}13}/42,[86L/91]. For in-
teractive and streaming applications |18}20,67,79,|90], generating video frames
autoregressively is particularly important, but introduces error accumulation
over time [27}/29,/55]81}/83|. Diffusion Forcing |16] addresses this issue by com-
bining next-token prediction with full-sequence diffusion and injecting noise into
previously generated context frames, while other autoregressive video diffusion
approaches mitigate drift through multistep prediction and refinement [40451}82].
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In this work, we focus primarily on building such action-conditioned predictive
models for dexterous hand-object interactions.

Action-conditioned predictive models, often referred to as “World Models”,
have recently been used to simulate computer game engines [14}/46,88]. For
example, DIAMOND |[4] aims to simulate Counter-Strike, while Dreamer [34]
has been applied to MineCraft. Other approaches focus on more visually realistic
settings with continuous action spaces, including navigation |10,{45(57] and full-
body control [8]. In contrast, modeling dexterous dynamics requires precise, fine-
grained control over hand—object interactions, and remains more challenging.

World models have also become increasingly influential in robotics. While
commonly used to train reinforcement learning agents [17}32,/33.[38|, they have
also proven effective for model-based policy optimization [6,93]. For dexterous
dynamics modeling, prior works in world models have explored cross-embodiment
dynamics via particle-based representations [39}/43], goal-conditioned manipula-
tion through articulated object modeling (DexSim2Real? |47]), and scene-action-
conditioned video diffusion for simulating dexterous behavior (DWM |[50]).

In addition to modeling dexterous dynamics, we show that DexWM can
be used in a Model Predictive Control (MPC) framework for zero-shot dexter-
ous manipulation tasks such as grasping. Dexterous manipulation, in general,
remains a longstanding challenge in robotics. Early approaches relied on hand-
crafted gaiting methods for controlling grippers [26,36,/60], but the high degrees
of freedom and complex contact dynamics of such grippers has led to a shift
toward learning-based methods [5/87]. Sim2real techniques, in particular, have
enabled robots to perform complex tasks such as solving a Rubik’s cube [3], in-
hand manipulation |19371/65], and functional grasping |1]. Much of this progress
is driven by improved access to training data. Although datasets with dexter-
ous manipulation remain scarce, the availability of large-scale egocentric human
video datasets [9,[31,[44,/72] and efficient hand annotation tools [62}|70L/89] has
enabled recent research [7}(11}[21}|48}|66L/68L|73/[84L|85] to leverage human demon-
strations for learning dexterous manipulation. HOP [75], for example, retargets
human videos to robot simulation for sensorimotor learning, while MAPLE |28|
pre-trains encoders with dexterous priors. Similarly, we train DexWM on ego-
centric human videos [44] and sequences of non-dexterous robot data [49] to
learn dexterous manipulation dynamics.

3 Proposed Methodology

Our goal is to build a world model that predicts how dexterous hand—object
interactions unfold: how the hand moves, how objects respond, and how both
appear from an egocentric viewpoint. A schematic illustration of the model is
shown in Fig. [2] In what follows, we first describe the problem formulation, then
present the State and Action representations (Sec B.I]), the Predictor (Sec [3.2),
and the Loss (Sec . Finally, we explain how to use a trained DexWM for
planning manipulation in Sec [3.4]
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Fig. 2: DexWM Architecture. Images are encoded into latent states using a frozen
DINOv2 encoder. The DexWM predictor takes these states, hand actions, and
camera motions to predict the next state, which can then be decoded into reconstructed
images and hand keypoints.
Problem Formulation. Let s;, € S denote the environment’s (latent) state at
timestep k;, for index i, which encodes the configuration of the dexterous hand
and the geometry of the surrounding scene. The agent issues a dexterous action
Gk, -k, € A, specifying the hand control executed between timesteps ki and ko.

Since the latent state s, is not directly observed, the agent receives an ego-
centric RGB image I, € RT*W >3 captured by a human or robot equipped with
a dexterous hand. We introduce an encoder E,, : RT*W>3 — S which maps the
observation Iy, to a latent state representation sy, = Ey(Ik,).

To approximate the environment dynamics, we define the predictor fy : S x
A — S, as a mapping from a current latent state and an action to a predicted
future stateEl Formally, our objective is to learn

8ky = Jo(Sky»> Qkysky) = fo(Eg(Ix, ), aky ks, ), (1)

where Sy, is the predicted environment state after executing ag, —x,-

3.1 State and Action Representation

Next, we describe the states and actions used in DexWM.

Latent States. Pixel-level details are often unnecessary for modeling the un-
derlying system dynamics. For example, in object manipulation, the agent is
typically more concerned with the object’s shape and structure than its color.
To address this, we employ the DINOv2 image encoder (Ey) to transform
pixel data into a latent embedding space following @ Specifically, we uti-
lize patch-level features as the latent state such that s, € R”*9 where P is the
number of image patches and d is the feature dimension per patch. DINOv2 fea-

tures are semantically rich and have demonstrated strong generalization across
diverse environments and scenarios [61,(93].

4 fy can take multiple temporal states as input; Eq. shows a single for simplicity.
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Gripper Open
(a) (b)
Fig. 3: (a) Action Representation. Hand actions are represented as differences in
3D keypoints between frames (e.g., Hx; — Hy,), providing a unified representation of
dexterous actions in DexWM. This is supplemented with camera motion to capture the
agent’s movement. (b) For the DROID dataset, Parallel-jaw grippers are approx-
imated as dexterous hands using dummy keypoints placed on concentric circles at the
end-effector, with radii varying by gripper’s open/close state, mimicking finger spread.

Gripper Close

Action Representation. A key challenge is how to represent actions in a dex-
terous dynamics model. Prior work has modeled wrist position [8] or used high-
level text , but these representations are often too coarse for dexterous skills.
Instead, we seek an action representation that precisely captures the change of
the agent’s hands, as well as how they move while performing a task.

We start by defining the action vector between states sg, and sg, as the
difference in keypoint positions between timesteps k; and ko. Following the
MANO parameterization, each hand is represented by 21 keypoints (Fig. ,
with coordinates Hﬁi,"Hﬁ_ € R21%3 for the left and right hands, respectively, at
state si,. Specifically, Hy, = {'Hﬁi,Hﬁ } encodes the hand configurations.

However, simply using hands information to represent actions does not ac-
count for how the agent moves. To address this, we apply two modifications.
First, instead of representing #j, in the camera frame at k2, we use the known
rigid transformation T,le to express all keypoints in the same coordinate frame
k1. Second, to inform the world model about camera pose changes, we append
the change in camera translation 0tg, r, € R3 and orientation 0qk, —ky € R3
(as Euler angles) to the action vector. The final action vector is defined as

T
Aky—ky = [(H’Q 7Hk1)T7 5t{1—>k23 5q;31_>k2] € R44X3' (2)

Most egocentric human video datasets |§|, already include hand key-
point annotations. For the DROID dataset, parallel-jaw grippers are approx-
imated as dexterous hands using dummy keypoints at the end-effector (Fig. .
For real robot and RoboCasa simulation data, keypoints are computed via
forward kinematics from known joint angles. To map the robot’s 4-finger Alle-
gro hand to DexWM’s 5-finger action space, the last Allegro finger (equivalent
to the human ring finger) keypoints are also used to represent the pinky fin-
ger. This mapping incurs a minimal performance trade-off, as detailed in the
supplementary material.

3.2 Predictor

With the states and actions of the world model defined, we now describe the
predictor model fy used in DexWM. The predictor model takes as input a history
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of observed environment states sy, ..., sk, and current action ag, s, ,, and
predicts the next state 5y, ,. Formally,
ks = Jo(Skos - Sks W=k 1) (3)

where 6 denotes the trainable parameters of the network.

Unlike previous works [8l[10], we assume that the environment is determinis-
tic, which leads to faster inference time. Also, while the timesteps ko, ..., k, can
be uniformly spaced, we find that training in a non-fixed frequency by randomly
skipping states improves generalization.

Our predictor architecture is based on Conditional Diffusion Transformers
(CDiT) |10]. CDiT provides strong action conditioning via AdaLN [63] layers,
where the flattened action vector of 44 x 3 = 132 dimensions is projected as con-
ditioning input to each transformer block. Unlike diffusion-based CDiT meth-
ods [8L/10], we directly regress future latent states using DINOv2 features for
faster inference without iterative denoising. To use CDiT with DINOv2, we de-
fine tokens for predicting the future state S (Fig. , initialized from sy, .

Multistep Prediction. For inference and planning in robotic tasks, we perform
multistep prediction by autoregressively feeding the predicted state 3 ., and
the subsequent action ag, ., -« back into fy to generate Sy, continuing this
process for future timesteps.

n+1

n+2 n+27
3.3 Hand Consistency Training Loss

As the primary goal of DexWM is to predict future latent states of the environ-
ment, we use a mean squared error loss on the predicted embeddings:

P
1 .
‘CState = Pxd pz:; ||5k’n,+1 (p) — Skni1 (p)Hg (4)

where p indexes the image patches and sg, ., is the DINOv2 embedding of the
ground truth image.

However, we observe that relying solely on Lgiate is insufficient for capturing
the fine-grained details necessary for modeling dexterous dynamics, as the hands
occupy only a small region of the image. To address this, we incorporate an
additional loss term that encourages the model to capture local information.
Specifically, we use a transformer-based network gy to predict heatmaps of the
fingertip and wrist locations in Hy,,,, denoted as an+1 € RIZXHXW  This
ensures that the predicted state 55, , is informative enough to recover keypoint
positions. This hand consistency (HC) loss is defined as:

1
C12x HXW

n+1

’ 2
Luc Vesr = Venaa 2 (5)
where V., are the ground truth heatmaps. During training, the image encoder
is kept frozen, while the rest of the model is optimized using £ = Lgtate + ALHC
with A = 100 yielding the best results in our experiments.
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Fig. 4: Goal-Conditioned Planning with DexWM. The joint angles O, ...,O7_1
are optimized using CEM to get actions ao,...,ar—1 to drive the system to the goal.

3.4 Robot Task Planning

In addition to modeling dexterous interaction dynamics, DexWM enables zero-
shot transfer to robotic manipulation tasks. Specifically, DexWM is used as a
state transition model to plan waypoint trajectories for downstream control.

Planning Optimization. We use a goal-conditioned planning setup with the
learned model fy. Given initial (s9) and goal (s,) states, we solve:

65,...,0p_y=arg min  C(sp,sy) (6)
Og,...,Or_1 -

st ar =G(O), §k+1:f9(5k,--~750;ak)7 k=0,....,T—1

where @y, represent the joint angles of the robot, G uses the forward kinematics
of the robot to calculate ag, C is the planning cost, and T is the planning hori-
zon (Fig. . In this formulation, we assume uniformly sampled timesteps with
states {so, s1,...} and actions {ag, a1,...}. We use the Cross-Entropy Method
(CEM) to optimize the joint angles. Implementation details of CEM, includ-
ing the number of samples, planning horizon, iteration count, and computational
cost, are provided in the supplementary material.

Planning Cost. We use the planning cost C = Cgtate + #Cxp (1 = 0.001), with
Cstate being the Lo distance between latent states sy and sy, and Cy, the Eu-
clidean distance between keypoint pixels locations corresponding to heatmaps
Vr and Vg predicted from sp and sg, respectively. Combining both cost terms
improves planning performance over using Cyiate alone, indicating latent embed-
dings alone may be suboptimal for planning. For the grasping task, we also add
a cost on end-effector orientation to maintain neutral poses for successful grasps.

4 Experiments and Results

In this section, we first analyze the contribution of DexWM ’s individual com-
ponents. We then evaluate its performance in open-loop dexterous rollouts and
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Table 1: DexWM Benefits From Human Video Data. Training DexWM on
EgoDex in addition to DROID contributes to downstream open-loop performance in
RoboCasa, as measured by lower embedding loss and higher PCK@20.

EgoDex RoboCasa
Dataset Embedding L2 Error| PCK@201 Embedding L2 Error| PCK@201
At 4s Avg At 4s Avg At 4s Avg At 4s Avg
EgoDex 0.67 0.51 60 68 1.03 0.79 3 13
DROID 1.39 1.06 1 2 1.3 0.96 2 12
EgoDex-+DROID 0.66 0.5 60 69 0.79 0.57 7 17

show its ability to capture fine-grained hand dynamics and maintain reliable
control under arbitrary atomic actions. Finally, we assess DexWM in zero-shot
trajectory planning across both simulated and real-world robotic settings.

4.1 Datasets

For training and evaluation, we use EgoDex [44], an egocentric human video
dataset containing 829 hours of 1080p footage with rich hand and pose annota-
tions, and DROID [49], a diverse dataset of robot manipulation with parallel-jaw
grippers. We also use about 4 hours of exploratory sequences of random arm mo-
tions collected in the RoboCasa [59] simulation framework using a Franka Panda
arm with Allegro gripper for fine-tuning the model for robotic tasks. For more
details, see the supplementary material.

4.2 Ablation Studies

Human Video. We evaluate the impact of training on human videos to down-
stream performance (see Table [1). We assess zero-shot open-loop rollout per-
formance on Lift, a dataset collected in RoboCasa (see supplementary), and on
EgoDex. We report embedding Ly loss and PCK@20 over predicted keypoints 1%
(Sec. at 4 seconds and on average. As shown in Table [1} adding EgoDex on
top of DROID significantly boosts performance on RoboCasa, while preserving
performance on EgoDex. This indicates that adding human video contributes to
downstream performance across different embodiments.

Model Size. We vary the model’s predictor size from DexWM-S to DexWM-XL
(30M to 450M parameters) while keeping the training setup, data, and vision en-
coder consistent. See the supplementary material for model architecture details.
Fig. [f] shows that embedding prediction error and keypoint overlap percentage
consistently improve with larger model size. This suggests that higher model
capacity helps facilitate better dynamics learning. We use DexWM-XL by de-
fault, unless otherwise noted. For completeness, we include the NWM* [10] and
PEVA* [8] baselines in Fig. |5, and discuss these comparisons in Sec.

Backbone. As the pretrained vision encoder defines the latent space of our world
model, we evaluate whether DexWM generalizes across different backbones, an
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aspect not fully explored in prior work [8|10L/93]. We test state-of-the-art self-
supervised image encoders (DINOv2 [61], DINOv3 |74], Web-SSL [25]), video
models (V-JEPA 2 [6]), and language-supervised models (SigLIP 2 [78]). Keeping
everything else fixed, we evaluate success rates in simulation, since latent spaces
from different encoders are not directly comparable due to differing scales. In
addition, because encoders like V-JEPA 2 and SigLIP 2 use different embedding
dimensions than that of DexWM’s predictor, we add learnable input/output
projections to align with the predictor. DexWM performs well across backbones
and is not restricted to DINOv2 (Fig. @, though performance varies by task,
with DINOv2 strongest overall. While this demonstrates DexWM’s modularity
with respect to the backbone, additional tuning (e.g., embedding normalization)
can be important for some backbones to further improve performance.

Hand Consistency Loss. As detailed in Sec. we use the hand consistency
loss as an auxiliary objective to improve fine-grained dexterity. Table [3| shows
that adding hand consistency loss yields up to a 34% increase in PCK@Q20 at
4 seconds prediction. Beyond open-loop rollout gains, predicted keypoints also
benefit robot planning (Sec. .

Camera-Pose in Action. To account
for agent movement, we integrate cam-
era pose changes directly into the ac-

Table 2: Camera-pose in action ablation.
Avg. values on EgoDex are reported.

tion representation (Sec.[3). As shown Method L2) PCK@20t
in Table 2] removing the camera pose Hand-Only 0.60 56
(hand-only) or treating it as part of the Camera in State 0.57 59
state degrades performance. This un- DexWM 0.50 69

derscores the importance of including
camera pose within the action space.

4.3 Baselines

We compare DexWM against several strong baselines spanning video prediction,
world modeling, and action generation. For full details, see the supplementary
material. Cosmos-Predict2 |2] is a diffusion-based “Video-to-World” model that
synthesizes future frames from text prompts and an optional starting image.
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Fig.7: Action Transfer. Transferring actions from a reference sequence to a new
environment using DexWM and PEVA*. DexWM better captures fine-grained hand
states that match those in the reference sequence.

Navigation World Model (NWM) [10] predicts future egocentric observations
conditioned on navigation actions; for fairness, we adopt a simplified variant,
NWM*, that conditions only on camera motion and excludes hand and body dy-
namics. PEVA [8] generates egocentric videos from 3D human pose trajectories;
we use a modified version, PEVA*, that conditions solely on upper-body poses
without finger articulation. Finally, Diffusion Policy provides a state-of-the-
art generative action policy that predicts multistep actions from the current
observation and a goal image.

4.4 Open-Loop Trajectory Evaluation

Experiment. We aim to test how DexWM performs on open-loop rollouts com-
pared to challenging baselines like NWM* and PEVA*. Specifically, given the
initial state and an action sequence, each model predicts future latent states
for 4 seconds (20 frames at 5 Hz), enabling evaluation of the world models’
long-horizon prediction performance.

Training. We train all models on EgoDex for 40 epochs. All models use the
DINOvV2 encoder, allowing us to measure perceptual similarity via the same Lo
embedding prediction error against ground truth.

Evaluation. The predicted embeddings are passed through a shared keypoint
prediction layer, and keypoint overlap within a 20-pixel radius (PCK@20) is
computed. Moreover, we measure the Lo error, which captures overall perceptual
similarity, while PCK@20 reflects local hand keypoint accuracy, important for
capturing dexterous interactions.

Results. DexWM outperforms other models in open-loop trajectory evalua-
tion (Table E[) NWM* performs poorly due its sole reliance on navigation ac-
tions. PEVA* slightly outperforms DexWM in Lg error, however, we find that
lower perceptual similarity does not always imply accurate hand position, which
is important for dexterous interactions. DexWM achieves over 5 points higher
PCK@20 on average, indicating superior preservation of local hand information.
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Table 3: HC Loss improves fine- Table 4: Comparing World Models with
grained dexterity. Reporting em- Different Action Spaces. PCK typically re-
bedding L2 error and Percentage of flects hand accuracy better than embedding 1.2
Correct Keypoints @20 (PCK@20) error. All models trained on EgoDex.

on EgoDex .

Model Emb. L2 Error] PCK@201
Emb. L2 Error] PCKQ@201 Atds Avg At ds Avg

HC Loss At 4s  Avg At 4s Avg NWM* 0.74 057 34 48
X 0.85 0.61 26 52 PEVA~ [8] 0.62 0.49 56 63
v 0.66 0.50 60 69 DexWM  0.67 0.51 60 68

Pick up the brown duck from the wooden table with the right hand and place it in the blue bowl
Cosmos
Predict 2
8 - ---

GT

Fig. 8: Conditioning on Hand Motion Enables Precise Control. DexWM uti-
lizes dense dexterous actions, enabling finer-grained physically-grounded prediction
compared to text-conditioned World Models like Cosmos-Predict 2 .

Action Transfer. To highlight the difference from PEVA, we conduct a qualita-
tive action transfer experiment (see Fig. E[) Actions from a reference trajectory
are used to rollout states in a different environment. PEVA*, is conditioned on
body poses and produces inaccurate hand configurations, while DexWM predicts
fine-grained hand states that closely match those in the reference sequence.

Comparison with Text Conditioned Models. While text-conditioned mod-
els like Cosmos Predict 2 generate visually compelling scenes, their predictions
are not always physically grounded in hand—object interactions; for example,
in Fig. 8] the model introduces a new duck simply because the text input men-
tions “the brown duck,” even though it refers to the dummy duck on the table.

Controllability. To assess the ability to follow structured physical control, we
show rollouts with simple atomic actions (e.g., moving the hand up) in Fig.[9] In
each sequence, the right hand moves 1 cm per frame in the specified direction.
DexWM accurately follows these unseen atomic actions, and when the hand
collides with the cup in the third row, the cup moves forward, indicating that
DexWM also learns such physical interactions.

4.5 Human Video To Robot Transfer

Experiment. In addition to accurately simulating the world, DexWM transfers
to unseen robotic manipulation tasks in simulation and real-world when deployed



Fig. 9: Simulating Counterfactual Actions. Starting from the same initial state,
DexWM predicts future states given different atomic actions. The model reliably follows
each action sequence, while capturing environment dynamics (e.g, see third row final
frame where the cup moves forward when the hand collides with the cup).

on a Franka arm with Allegro grippers. Specifically, given only small amounts of
exploratory robot simulation data, our goal is to evaluate whether DexWM can
use the human data pretraining to perform tasks such as reach, place, and grasp,
which were previously unseen in the target environment and embodiment.

Exploratory Dataset. We compare two teleoperation-free strategies for col-
lecting exploratory data in RoboCasa [59], both using randomized environments
and object placements. Lift-Initialized Random Ezploration is the first strategy
that executes ground-truth trajectories from the Lift dataset (see supplemen-
tary for details) with added noise. Environment and object randomization, and
added noise, prevent successful grasps, promoting broad, unbiased coverage of
the environment to bridge the embodiment gap rather than learn task-specific
skills. In the second strategy, we remove reliance on Lift by sampling random
3D targets in randomized environments and controlling the robot to reach them.
This fully programmatic data collection procedure requires no teleoperation or
initialization from other datasets. Lift-initialized Random Exploration approach
achieves slightly better performance (53% vs. 49% average success over reach,
grasp, and place simulation tasks). Therefore, in what follows, we present results
corresponding to models trained on this dataset.

Training. We pretrain DexWM on EgoDex and DROID , then fine-tune
on exploratory trajectories created in RoboCasa . We compare the fine-tuned
DexWM model to training a goal-conditioned Diffusion Policy (DP) [22] and a
DexWM model on RoboCasa from scratch, without human-data pretraining. For
DP, training goals are uniformly sampled from future frames of each trajectory.

Evaluation. We evaluate the resulting model’s planning or policy rollout per-
formance in the real world and in simulation, without using any real-world fine-
tuning data. In simulation, we conduct 50 trials each for reach, grasp, and place
tasks, measuring success by the Euclidean distance between target and actual
poses (for reach and place) and additionally by object-robot contact (for grasp).
Real-world evaluation consists of 12 grasping trials with varied objects, with
success determined by manually observing whether the object is in the hand.
See the supplementary for details.
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Table 5: Robot Transfer Results. DexWM outperforms Diffusion Policy and
DexWM (w/o pre-training) in sim. and real-world, measured by success rate (%).

RoboCasa Simulation Real Robot

Model Reach Place Grasp Grasp
Diffusion Policy 16 8 0 0
DexWM (w/o PT) 18 8 14 0
DexWM (Ours) 72 28 58 83

Goal Frame

Object to grasp
A

Fig. 10: Real Robot Example. Given goal and start images, DexWM successfully
plans and executes the trajectory by finding the optimal actions using the Cross-
Entropy Method. Notably, DexWM works zero-shot without any real-robot training.

Simulation Transfer Results. Planning results in Table [ show that DexWM
consistently outperforms all baselines. In the place task, where the robot must
maintain its grasp and transport the object without additional feedback, such
as from force sensors, DexWM achieves 28% success despite the added difficulty.
The large gap over the DexWM variant without human video pre-training un-
derscores the importance of human demonstrations. Further, goal-conditioned
Diffusion Policy (DP) [22] underperforms due to the exploratory nature of the
training dataset, which lacks task annotations and successful completions. To
verify that DexWM ’s gains over DP in Table[f] are not due to pretraining alone,
we conduct an experiment where we pre-train DP on the same human dataset
(with a similar action space) and fine-tune it on robot data. DP achieves only
4% average simulation success, far below DexWM’s 53%, indicating that the
improvement stems from modeling dexterous dynamics rather than pretraining
alone. An analysis of DexWM ’s failure cases is in the supplementary material.

Zero-Shot Real Robot Grasping Results. We evaluate the zero-shot grasp-
ing performance of DexWM when deployed on a real-world Franka arm with
Allegro gripper, similar to that in the simulation (see Table. Without any fine-
tuning on real robot data, DexWM achieves 10 successes out of 12 trials (=~ 83%
success rate), highlighting the planning benefits with a world model (planned
trajectory example in Fig. . By planning in latent space rather than directly
predicting actions, DexWM shows strong generalization. In contrast, Diffusion
Policy trained on exploratory simulation data fails on the real task, highlighting
the robustness of world models in handling dataset quality and sim-to-real gaps.
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5 Limitations

While we demonstrate planning with image-based goals, our framework can be
extended to accommodate text-specified goals. To mitigate the embodiment gap,
we rely on approximately four hours of exploratory simulation data; while incor-
porating target-embodiment data could potentially remove this dependency, we
leave this exploration to future work. Our current setup assumes static scenes
without external agents (including pretraining datasets [44,(49]). Handling dy-
namic, interactive environments may require modeling stochasticity, e.g. via ad-
ditional latent variables or diffusion-based prediction. However, such methods
are often slower due to additional optimization or iterative denoising.

6 Conclusion

We explored the design of world models for learning dexterous hand—object inter-
action dynamics directly from human videos. A keypoint-based action represen-
tation, patch-level embeddings as state representation, and a hand-consistency
loss together enable fine-grained modeling of dexterous behavior. Through sev-
eral evaluations, we show that the model captures precise interaction dynam-
ics under dexterous actions. Moreover, we demonstrate effective transfer from
human-video pretraining to previously unseen robotic tasks such as grasping,
reaching, and placing. We hope that our work will inspire future exploration
into dexterous modeling and world models for robotics, which will unlock gen-
eralizable robots capable of increasingly complex tasks.
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