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Abstract. Video-based embodied world models provide an appealing
substrate for robotic manipulation by predicting future states, yet cur-
rent approaches remain limited by a fundamental entanglement: accu-
rately modeling dynamics typically requires low-level temporal reason-
ing, while producing high-resolution frames demands expansive visual
synthesis according to high-level semantics. This entanglement results in
slow inference speed for iterative planning or too coarse predictions to
retain contact-rich details. To solve this dilemma, we present Disentan-
gled Video Generation World Model (DVG-WM), an efficient framework
that explicitly decomposes world modeling into dynamics learn-
ing and visual synthesis. Conditioned on an initial observation and
a language instruction, our model first generates a plausible sequence of
intermediate visual states to preview the physical interaction and refines
them to obtain high-fidelity videos. Furthermore, an efficient cascading
mechanism is proposed, where DVG-WM leverages flow matching to di-
rectly map the dynamics to video latents, and introduces a latent degra-
dation mechanism to enable the capability of regenerating contact-rich
details. Experiments on LIBERO and real-world platforms demonstrate
improved video quality with up to 3.97 x acceleration, validating that
disentangled video generation can be an efficient embodied world model
for robotic manipulation.

Keywords: Robotic Manipulation - Embodied World Model - Imitation
Learning

1 Introduction

Embodied world models have gained increasing attention in the robotics com-
munity for their capability to model and predict the physical dynamics based on
an initial observation and a conditioning input [12,47]. The action-conditioned
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Fig. 1: Illustration of our DVG-WM. Given the initial observation and a language
instruction, DVG-WM first generates a sequence of low-resolution imagined future
trajectory to preview the physical interaction, then reconstructs the high-fidelity video
with faster inference speed (right). In addition to the improved visual quality, DVG-
WM also achieves impressive performance on real-world manipulation tasks.

world models support evaluating policies within imagination by simulating fine-
grained action outcomes, while another significant role of embodied world models
is to support goal-conditioned action planning by forecasting future states to-
wards the given goal images or initial language instructions [9,23,51].

The mainstream of embodied world models generally employs video predic-
tion [36,43,49] as the paradigm of world modeling. The typical pipeline involves
fine-tuning a pretrained video generation backbone with conditioning input (e.g.,
language, action, and goal images) to produce latent dynamics or pixel-level
future predictions [8,51]. Despite the impressive visual quality and temporal
coherence, the generated videos fail to satisfy the requirement of efficient in-
ference for iterative planning in real-world scenarios. This inefficiency of these
world models stems from a fundamental limitation: dynamics modeling is tightly
entangled with high-fidelity visual synthesis. Specifically, accurate dynamics mod-
eling requires low-level temporal reasoning to produce smooth transitions such
as contacts, slips, and occlusions, which concentrates on physical interaction pat-
terns and is not necessarily learned in high-resolution settings with redundant
textures [28,40]. Conversely, producing high-resolution frames demands expan-
sive visual synthesis based on high-level semantics and rich texture information
of the surroundings [41]. Existing approaches [24,51,53] often attempt to solve
both requirements within a single monolithic video generator, resulting in slow
inference speed for high-resolution observations or coarse predictions to retain
contact-rich details. This becomes particularly problematic in real-world itera-
tive planning where the world model must be queried repeatedly to predict the
interaction process.

A straightforward solution to this dilemma is to learn the dynamics and
visual synthesis separately. For the typical diffusion-based video world mod-
els [23,32,51], learning dynamics and visual synthesis simultaneously requires
a large number of function evaluations (NFEs, i.e. denoising steps for diffusion
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models [15]) under high-resolution settings. In contrast, learning dynamics in
a low-resolution latent space can significantly reduce the computation load for
each NFE, allowing for low-cost preview to ensure the physical interaction is
reasonable and consistent with the language instruction. Furthermore, the pre-
dicted latent dynamics can be refined into high-fidelity videos with fine-grained
details with a minimal number of NFEs. This disentangled design allows the
world model to efliciently learn the dynamics and visual synthesis separately in
their optimal resolution.

Following this philosophy, we propose Disentangled Video Generation World
Model (DVG-WM), an efficient video-based world model for robotic manipula-
tion that explicitly decomposes dynamics learning and visual synthesis, as shown
in Fig. 1. Conditioned on an initial observation and a language instruction, DVG-
WM first generates a sequence of low-resolution intermediate visual states that
captures the plausible evolution of the interaction, providing a fast dynamics pre-
view suitable for iterative planning. Subsequently, the refinement stage produces
high-fidelity videos with minimal NFEs (i.e. 4 steps) to restore high-frequency
details and contact-sensitive cues. Furthermore, a novel cascading mechanism is
developed to efficiently connect the two stages, where flow matching is leveraged
to directly map the low-resolution dynamics to high-resolution video latents,
and a latent degradation mechanism is also introduced to enhance the model’s
capability to regenerate accurate structures of objects and the end-effector at
high resolutions, which is crucial for contact-rich manipulation.

We evaluate DVG-WM on LIBERO [26] and real-world platforms, showing
that disentangled generation yields high-quality visual predictions with up to
3.97x speed up compared to the baselines. For the real-world tasks, the DVG-
WM achieves better performance equipped with an action expert [10,45], demon-
strating its capability of serving as an action planner. Furthermore, the ablation
studies demonstrate the disentangled design successfully learns the expected pat-
terns separately. These results reveal that disentangled video generation can be
a practical foundation for embodied world models. The main contributions of
this paper are summarized as follows:

— We propose DVG-WM, a disentangled video generation world model that ex-
plicitly decomposes dynamics learning and visual synthesis into a two-stage
pipeline, enabling efficient preview and refinement for robotic manipulation.

— We propose a novel cascading mechanism to connect stages. Specifically, we
leverage flow matching to directly map the dynamics to video latents, and
introduce a latent degradation mechanism to enhance the model’s capability
to regenerate accurate structures for contact-rich manipulation.

— We evaluate DVG-WM on both simulation and real-world platforms, demon-
strating improved visual prediction quality and accuracy with limited infer-
ence cost, validating disentangled video generation as an efficient embodied
world model for robotic manipulation.
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2 Related Works

2.1 Embodied World Models

According to applied condition types, the embodied world models can be cat-
egorized into two main types: action-conditioned and goal-conditioned models.
The action-conditioned world models typically learn the outcomes of actions by
predicting future latent states or videos, improving the policy generalization ca-
pability [1,2,11,12,17,22,33,53|. Simultaneously, many works [9, 18, 28, 29, 46]
focus on multi-modal generation conditioned on action, such as 3D point clouds,
gaussians, depth, and mask. These action-conditioned world models can be incor-
porated into robotic manipulation as synthetic data generators that produce di-
verse successful rollouts for imitation learning and self-improvement [10,21,44,45]
in unseen scenarios, and serve as imagination-based evaluators that rank can-
didate policies [35] or simulators for model-based reinforcement learning that
reduce the sample complexity of real-world interaction [20,39,40,42,54].

Another type of embodied world models is goal-conditioned, which learns to
predict the future states towards a goal image or language instruction [5,50].
These models can be used for planning by forecasting the future states and op-
tionally output the action using an inverse dynamic model [8]. Among these,
KeyWorld [23] and LongScape [32] utilize language instruction as the goal and
uses the world model as video planner. GE-Act [24] adopts a bi-model architec-
ture with a world model predicting future visual features based on language in-
struction. World VLA [6] aligns vision and action learning within a unified latent
space. Act2Goal [51] introduces a visual goal image with multi-scale temporal
sampling for closed-loop control. Despite the impressive visual quality of gener-
ated videos, the inference efficiency of these world models remains a bottleneck
for real-world iterative planning. Our work addresses this issue by disentangling
dynamics learning for the physical interactions and visual synthesis, enabling
efficient preview and refinement for robotic manipulation.

2.2 Video Diffusion

Diffusion models [10,15,25] have emerged as the dominant framework for high-
fidelity video synthesis [3,4, 14]. Video diffusion methods generate a sequence
via iterative denoising of spatiotemporal representations, often in a compressed
latent space to reduce memory and compute, while introducing explicit tempo-
ral modules to encourage coherence across frames. Beyond vanilla full-sequence
denoising, recent work improves temporal modeling and long-horizon rollouts by
imposing structured uncertainty over time, enabling causal or rolling generation
beyond the training horizon [7,31], and developing diffusion-based pipelines for
long-horizon generation and super-resolution [13,37,41,49,52]. These advances
substantially improve temporal consistency and visual fidelity, but generally re-
tain the high inference cost inherent to iterative denoising. This limitation is
particularly problematic for embodied manipulation, where iterative planning is
needed. Our model addresses this mismatch by allocating computation asymmet-
rically through learning dynamics and visual synthesis at optimal resolutions.
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Fig. 2: Pipeline of DVG-WM. The video world model consists of two main stages: 1)
a preview stage that learns dynamics and generates low-resolution trajectories condi-
tioned on language instructions and initial frames; 2) a refinement stage that upsamples
the latent dynamics to produce high-fidelity video predictions with minimal additional
computation. Finally, the inverse dynamics model extracts the action sequence from
the predicted video for manipulation tasks.

3 Methodology

3.1 Problem Formulation

Embodied world models aim to predict the dynamics of the environment by
forecasting the future observations. Mathematically, given an initial observation
image zo € X and the condition ¢, the embodied world model learns a prob-
abilistic generative model p(z1.n5|xo,¢) to predict the future observations x1.y
with a sequence length of N. Depending on the applications, the condition-
ing variable ¢ may take the form of actions to simulate the action-conditioned
outcomes [12,53], or goals (e.g., language [24], goal images [51]) to plan the tran-
sition towards the expected future states. In this work, we focus on the latter
setting conditioned on language instructions, enabling the world model to func-
tion as a language-guided planner for high-level task reasoning and interactive
manipulation.

Existing video-based world models typically generate future frames xi.y at
the original resolution (e.g., 720p, 1080p), which is computationally intensive
due to the entanglement of dynamics modeling and high-fidelity visual syn-
thesis. To enable efficient world modeling, we leverage 3D causal VAE [43] to
compress video pixels zp € REXWXT into latent features z € Q"***t where
h=H/8w=W/8and t = (T —1)/4+ 1. Our model is designed to predict
videos with 49 frames at 720p resolution. As shown in Fig. 2, we then propose a
disentangled two-stage pipeline to learn the low-resolution (LR) dynamics and
high-resolution (HR) visual synthesis separately, where each stage is optimized
with tailored network architectures and training strategies for computational
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efficiency. The preview and refinement stages gy, g» can be formulated as:

gp(zlr‘xgvc); gr(zhr|zlrax030) (1)

where z@ is the downsampled initial frame for the preview stage. The low-

resolution dynamics can be optionally previewed by the 3D VAE decoder £
as x, = &(z1r), while the high-resolution videos can be similarly obtained. The
horizon N of z and x is omitted for brevity. The following sections provide
detailed descriptions of each stage.

3.2 Low-Resolution Preview Stage

In the preview stage, the goal is to generate video latents z), that align with
the language instruction and captures the essential dynamics of the interaction.
To achieve this, we adopt CogVideoX-5B [43] as the video generation backbone.
For computation efficiency, we discard the learnable positional embedding and
employ flexible 3D rotary positional embedding [34] to allow for variable output
resolutions. All other configurations such as language and image embedding, and
denoising scheduler are the same as [43]. Then, we apply LoRA [16] with rank
128 on attention layers, FFN, and layer normalization to adapt the CogVideoX-
5B to a lower resolution. Compared to full-parameter tuning, the LoRA-based
adaptation significantly reduces the training cost while capturing the essential
dynamic patterns, as demonstrated by the ablation studies in Sec. 4.3. In this
manner, the preview stage provides a physically meaningful initialization for the
subsequent refinement stage, as detailed in the following section.

3.3 High-Resolution Refinement Stage

For the fine-grained visual synthesis, we
employ a smaller model CogVideoX-2B

due to the observation that embodied ma- Condition_
nipulation scenes are typically more struc- Noise W HRLatents R Frames
tured, and their state transitions tend to . i |
. :— DIT — : D
be slower and more locally constrained @ [ ]

compared to in-the-wild videos. As shown TR T T T T T o ==
in Fig. 2, the refinement stage takes the ® s RREe MR
low-resolution dynamics z), as input and i— DT — ! D
generates high-resolution video latents zy, W

with minimal NFEs.

Flow Matching for Cascaded Gener- Fig. 8: Comparison of refinement ap-
ation. Given the low-resolution dynamics proaches. (a) Conventional DDPM
21 as the input, the intuitive solution to treating low-resolution latents as con-
generate high-resolution videos is to apply ditioning input. (b) DVG-WM uses
the diffusion process on another sequence flow matching to directly map the low-
of random noise conditioned on the dy- resolution dynamics to high-resolution
namics. However, this approach consumes Video latents.
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significant computation loads since the

denoising process needs to learn to gen-

erate the entire video from scratch, which is redundant given that the preview
stage already provides a reasonable initialization.

To solve this issue, we leverage flow matching [25, 27] to directly estab-
lish the mapping from the low-resolution dynamics to the high-resolution video
in the latent space. In our scenario, the flow matching learns the vector field
vg(2r, T | 21, To, ¢) that specifies a step-by-step update direction in latent space,
where z; denotes an intermediate latent state at interpolation step 7 € [0,1],
formulated as:

zr = (1 —7) 21 + 7 20, T ~U(0,1). (2)

where Zzj, is the linearly upsampled version of zj, to ensure identical sequence
length. In this manner, a straight-line probability path (i.e., an ODE trajectory
for diffusion) is established, starting from the upscaled initialized latent Z, and
progressively following these directions to refine it into the final high-resolution
latent zy,;.

The path in Eq. (2) linearly interpolates between the coarse initialization 2,
(at 7 = 0) and the ground-truth latent zy,, (at 7 = 1). As 7 increases, the latent
should move from Zj, toward zj, along this straight line. Therefore, the desired
update direction u*(z,, ) (i.e., velocity) at any intermediate point z, is simply
the displacement from the start to the target:

a dzr

- dr = Zhr — er (3)

u(zr,7)
We train a neural vector field vy to predict this velocity, and the flow-
matching objective can be formulated as:

Lym = E[H'UQ(ZT’T | 21, %o, €) — U*(ZTW)H;} )

where the expectation E is computed over the training samples (Z, 2y, 27, €),
and 7 ~ U(0,1).

At inference, refinement starts from the initialized latent 2° = 2, and applies
limited NFEs through a deterministic flow process:

Zk+1=Zk+ATU9(Zk,Tk|Z]r,3?0,c>, k=0,...,K -1, (5)

where 7, denotes the discretized interpolation step and K is typically 4 in our
experiments, and the final output is 2z, = 2% that can be decoded into high-
resolution videos by the 3D VAE decoder D.

Latent Degradation for Contact-Rich Manipulation. To train the refine-
ment stage, the straightforward approach is to degrade the high-resolution video
within the pixel level and encode it to form z), so that the two stages can be
trained independently, which is commonly used in video super-resolution [41,52].
However, this pixel-level degradation retains tight correlation between low- and
high-resolution videos, constraining the world model from regenerating detailed
structures for the interactions between the end-effector and objects. To address
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Pixel Degradation Latent Degradation

Fig. 4: Comparison of pixel (left) and latent degradation (right) for training the re-
finement stage. Latent degradation generates contact-rich details in zoomed-in view.

this issue, we use the latent degradation to perturb the upscaled output of the
preview stage Z),, allowing for reconstructing fine-grained contact details
rather than upscaling pixels. More details can be found in the supplementary
materials. As shown in Fig. 4 of video prediction for a real-world task, the latent
degradation successfully generates contact-rich details in the zoomed-in view,
preserving the structures of the gripper and the target object, while the pixel
degradation presents blur around the interaction region.

3.4 Action Generation for Imitation Learning

Given the high-resolution video prediction zy,, we equip DVG-WM with an
action expert to convert imagined futures into executable actions. We instantiate
the action expert as a vision-only Diffusion Policy (DP) [10], since robot states
(e.g., joint angle) are unavailable for video prediction. The predicted frames of
different timestamps are separately encoded as the condition h; of DP, which
denoises a noise sequence into actions through the standard diffusion objective:

Lop = E[He— co(t0,0 | ht)uﬂ, (6)

where a, is the noised action sequence at diffusion level o and € ~ N (0, I). Note
that the action expert can also use diffusion-based models [24,51] and vision-
language-action (VLA) models like NORA [19] that do not rely on robot state,
which is unavailable for predicted future frames.

Training Strategy. We train the full system in two stages for stability. We
first train the world model alone using the objectives in Eq. (4), obtaining a
reliable video predictor. Afterwards, we attach the action expert and optimize
it on demonstrations while jointly fine-tuning the world model using only Lpp.
The gradients from the imitation learning loss propagate through both the ac-
tion generation expert and the world model, aligning the visual prediction with
downstream action planning.
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Table 1: Quantitative comparison on video quality and object-level accuracy.

Method PSNR1 SSIMt LPIPS, FVD/] Object?
CogVideoX-5B 19.286 0.761 0.138 171.24 76%
Wan2.1-14B 18.964 0.732 0.162 198.54 68%
LongScape 19.977 0.788 0.123 153.72 -
LVP-14B 19.582 0.765 0.134 187.69 80%
DVG-WM (ours) 20.019 0.783 0.120 152.36 89%

4 Experiments

4.1 Experimental Settings

Dataset Preparations. The proposed DVG-WM is trained and evaluated on
the simulation LIBERO dataset [26] and a self-collected real-world dataset con-
taining 7K trajectories, aligning with the real-world platform setup in Sec. 4.4.
We evaluate the DVG-WM for video quality on LIBERO, while the real-world
dataset is used to evaluate the performance of DVG-WM as an action plan-
ner. For comprehensive evaluation with varied instructions, we split the official
demonstrations according to the tasks with a ratio of 8:2 for training and test-
ing. Additionally, we preprocess the dataset by replaying trajectories, removing
dummy episodes and resizing, following [6,23], obtaining around 5K trajectories
in total. As for the real-world dataset, the trajectories with less than 49 frames
are discarded. More details about the dataset are in supplementary materials.
Implementation Details. All videos are resized to 256 x 384 for the preview
stage and 480 x 720 for refinement. For the preview stage, the model is trained
using LoRA [16] for 10,000 iterations with a batch size of 4 on a single A100-
80G GPU. AdamW optimizer is used with 5; = 0.9, 83 = 0.95, a weight decay
of 1e — 4, gradient clipping setting to 0.1. For the refinement stage, the model is
trained for 10 epochs with a batch size of 6 on LIBERO, taking around 24 hours
on 8 A100-80G GPUs. The training hyper-parameters are kept the same as [43].
More training details are in Sec. 4.4 and supplementary materials.

Baselines. We compare our approach with advanced video generation world
models, including CogVideoX-5B [43], Wan2.1-14B 12V [36], LongScape [32],
and large video planner (LVP) [8]. These models are fine-tuned on the same
training set. Note that Wan2.1 and LVP are based on different resolutions, so
an additional training set with the same trajectories is prepared.

Evaluation Metrics. For video quality evaluation, we use the standard metrics
including PSNR, SSIM [38], LPIPS [48] and FVD. We also use a metric of object-
level accuracy following [23] where 10% of trajectories are manually checked to
report the ratio of the robot operating on the proper object. For the real-world
tasks in Sec. 4.4, we additionally evaluate two metrics to test the world model’s
understanding of the physical interaction process: 1) Mask-IoU between embod-
iment regions [9] in generated and ground-truth frames, obtained via Grounded
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Fig. 5: Qualitative comparison of video predictions from DVG-WM and CogVideoX on
LIBERO tasks. Red circles highlight wrong critical interaction details of CogVideoX.

SAM [30] with “robotic arm” as the textual prompt. 2) Success rates of the ex-
ecuted actions planned by DVG-WM equipped with an action expert on nine
real-world tasks across two platforms.

4.2 Main Results

Quantitative Comparison. In Tab. 1, our DVG-WM delivers stronger video
prediction on LIBERO. Our method achieves superior visual quality metrics
with an average improvement of 3.7%, while showcasing impressive efficiency.
Although SSIM is slightly lower than LongScape, it remains competitive, which
reveals that the refinement stage improves high-frequency details without intro-
ducing severe structural distortion. Note that the original metrics of LongScape
are reported and object-level accuracy is inaccessible. Beyond low-level similarity,
DVG-WM substantially improves object-level accuracy to 89%, showing that the
model more reliably grounds the interaction on the correct target objects, which
is critical for manipulation-centric tasks. Achieving both high fidelity and reli-
able instruction following underscores the benefit of our two-stage design, where
the preview supplies contact-rich cues that steer refinement towards physically
meaningful, high-quality generation.

Qualitative Comparison. As shown in Fig. 5, CogVideoX is compared with
our method since they share the same resolution. Obviously, our DVG-WM
generates high-quality videos, and forecasts the complete trajectory for the open-
drawer task, compared to CogVideoX. Despite the satisfactory visual quality,
CogVideoX fails to accurately follow the instruction, where the robot arm shows
the intention to interact with the wrong object (the bowl) instead of the drawer
at ¢t = 10. Additionally, the final interaction stage of pulling the drawer is missing
at ¢ = 40 in CogVideoX, which is critical for the task completion. In contrast,
DVG-WM successfully captures the contact-rich details of the interaction, such
as the gripper’s contact with the drawer and the subsequent movement of the
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Step 5K

Fig. 6: Comparison with generated videos of preview stage with different LoRA fine-
tuning steps. Blue circles highlight the texture of the bowls, while the red circles high-
light the contact details between the gripper and the drawer.

drawer, demonstrating its superior capability to model the physical dynamics
and follow instructions accurately.

Efficiency Comparison. Our DVG-WM
achieves a significant speedup of up to 3.97x

Table 2: Comparison of inference
time for the video world models.

compared to LVP, since only 4 denoising steps Method Inference time

is needed for refinement and the 50 denoising CogVideoX-5B 236.8s

steps are conducted at the much lower reso- Wan2.1-14B 312.0s
LVP-14B 354.2s

lution, which is crucial for real-world iterative
planning. The efficiency can be attributed to
the disentangled design that learns dynamics and visual synthesis separately in
their optimal resolution settings.

DVG-WM (ours) 88.7s

4.3 Ablation Studies

Diving into the Disentangled Design. To further validate the effectiveness
of the disentangled model design, we conduct a qualitative comparison to analyze
the effect of the LoRA fine-tuning for the preview stage in Fig. 6. For step 0, as
well as the zero-shot inference for CogVideoX-5B, the layouts of the scene are
totally changed and the robot arm is missing, even though the texture of the
scene is fine-grained. This is expected since the original model is pretrained on
in-the-wild videos, not including embodied data.
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Table 3: Component analysis of our DVG-WM on LIBERO.

#Stages Method PSNR 1+ SSIM 1+ LPIPS| FVD |
DVG-WM (Ours) 20.019 0.783 0.120 152.36

Two Pixel Degradation 19.421 0.768 0.128 168.54
Naive Cascading 19.580 0.765 0.134 187.69

360p Preview + Refine 18.812 0.756 0.146 188.47

One Only Preview 14.714 0.721 0.341 238.72
Only Refine 19.277 0.760 0.135 169.29

As the LoRA iteration step increases, the preview stage fails to restore the
original textures of the scene, including the objects and robot arms, as high-
lighted in blue circles. This blur is even be aggravated as the iteration step
increases. This loss of texture synthesis is expected since the preview stage is
optimized for dynamics modeling rather than visual synthesis. However, the
preview stage successfully captures the contact-rich details of the interaction,
such as the gripper’s contact with the drawer and the subsequent movement of
the drawer, as highlighted in red circles. For step 3K, the drawer is unreason-
ably pulled out, while the model at step 5K successfully models this interaction,
revealing the understanding of the instruction and interaction process. This ob-
servation validates that the preview stage learns to capture the essential dynamic
patterns for physical interactions, which provides a meaningful initialization for
the refinement stage.

Meanwhile, the CogVideoX that is used for the refinement stage successfully
restores the texture details of the scene, as in the second row of Fig. 5, but fails to
plan  the  correct  trajectory. Combined  with  the  dynamics
preview, the full model successfully gen-
erates high-fidelity videos with accu-
rate interaction dynamics, demonstrat-
ing the effectiveness of the disentangled
design, as in the last row of Fig. 5.

? RealSense

L515
Galaxea

Component Analysis. We conduct gam

component ablations on LIBERO to val- —
idate the design choices of DVG-WM L
in Tab. 3. We have multiple observa-

tions: 1) Replacing latent degradation

with pixel-level degradation consistently

degrades quality (SSIM 0.783—0.768),
supporting our intuition that pixel-

space pairing causes tight correlation Fig. 7: Real-world setup for Galaxea Al
between the source and target, leading Arm Platform.

to shortcut upscaling. Conversely, la-

tent degradation reconstructs contact-

relevant structures with much higher vi-
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sual and structural quality. 2) Naive cascading that treats the low-resolution
dynamics as conditioning input for the refinement stage (in Fig. 3 (a)) leads to
a performance drop, validateing the effectiveness of flow matching in directly
mapping the dynamics to high-resolution video latents, rather than generating
from random noise. 3) The preview and refinement stages are both necessary. Re-
moving the preview stage reduces all metrics, confirming that the low-resolution
latents provide informative cues that guide refinement. Similarly, removing the
refinement stage leads to a severe collapse in perceptual quality, showing that
dynamics-only low-resolution predictions are insufficient to preserve fine-grained
details. 4) Lowering the preview resolution to 360 x 240 further worsens the
performance, which may be attributed to the failure to leverage the pretraining
knowledge of CogVideoX that is large-scale pretrained on 256 x 384 videos.
Number of Refinement Steps. We fur-

ther study the effect of the number of re-

finement steps K in the refinement stage Table 4: Ablation over the number
on LIBERO, as reported in Tab. 4. Increas- of refinement steps K on LIBERO.
ing K from 1 to 4 consistently improves all g PSNR + SSIM t LPIPS | FVD |
metrics, since additional denoising steps pro-
gressively recover fine-grained textures from
the low-resolution dynamics. However, dou-
bling K from 4 to 8 yields only marginal
gains (e.g., FVD 152.36—150.42) while nearly doubling the refinement compu-
tation. We therefore adopt K=4 by default, striking a favorable balance between
visual fidelity and inference efficiency.

16.514 0.681 0.218 245.83
18.702 0.745 0.165 198.41
20.019 0.783 0.120 152.36
20.124 0.785 0.118 150.42

00 = N

4.4 Real-World Experiments

Platform Setup. We conduct real-world experiments on two robot platforms, a
Galaxea A1 robotic arm and a UR7e robotic arm, each equipped with a parallel
gripper. The observation is provided by a RealSense 1515 RGBD camera, as
shown in Fig. 7. The layouts are aligned with the real-world dataset used for
training the world model.

Real-World Tasks and Results. We evaluate DVG-WM on nine real-world
manipulation tasks spanning two robot platforms (Galaxea Al and URT7e): move
banana, pick-and-place bread, sweep rubbish, stack cube, adapter insertion, push
cube, open drawer, assemble gears, and make a toast. For each task, around 50
demonstrations are prepared for imitation learning in Eq. (6). To evaluate the
models, we compare the video quality sharing the protocol in Tab. 1, the mask-
IoU for the embodiment regions between the generated and ground-truth videos,
and the actual success rates for the tasks. The dataset is resized to 480 x 720
to train the CogVideoX and our DVG-WM, along with the action expert of
DP, whose input horizon is set to 1 to adapt to the iterative planning. We roll
out the learned policy 20 times for each task under four distinct settings with
various tabletop layouts, instance locations, and task horizons, yielding 20 x 4=80
rollouts per task, and report the average success rate with standard deviation.
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Fig. 8: Qualitative results on the real-world manipulation task of placing bread into
bowl. DVG-WM generates high-fidelity video predictions that accurately capture the
interaction details and follow language instructions for pick-and-place.

Table 5: Quantitative comparison on video quality for real-world scenarios.

Method PSNR 1+ SSIM1{t LPIPS| FVD | Mask-IoU 1
CogVideoX-5B 18.642 0.745 0.151 189.32 0.54
DVG-WM (ours) 19.287 0.771 0.128 164.78 0.57

As shown in Tab. 5, DVG-WM outperforms CogVideoX-5B across all video
quality metrics, demonstrating its superior capability to generate high-fidelity
videos that accurately capture the dynamics of real-world interactions. The im-
provement in Mask-IoU indicates that DVG-WM better perceives the embod-
iment regions, which is crucial for understanding the physical interactions be-
tween the robot and objects.

For visualization, DVG-WM successfully predicts realistic future interactions
on all two tasks in Fig. 8, demonstrating its capability to generalize from simu-
lation to real-world scenarios. The predicted videos of CogVideoX present slight
ghosting artifacts and motion blur, as revealed in [32]. Conversely, our DVG-WM
exhibits fine-grained contact details between the gripper and objects and proper
task completion sequences, even the contact area and texture of the bread pre-
served, demonstrating its capability to be utilized as a real-world video planner.

To verify if the DVG-WM can be used for practical manipulation tasks,
we equipped it with a vision-only DP as the action expert and jointly train
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Table 6: Success rates (%) on nine real-world tasks across two platforms (Galaxea Al
& URTe), each evaluated with 20 x 4=80 rollouts. Avg. is the mean over all nine tasks.

move pick&place sweep stack adapter
Method banana bread rubbish cube insertion
CogVideoX 48.4+11.6  43.2+6.8 38.6£11.4 26.4%8.6 18.2+6.8
DVG-WM (ours) 73.2+12.8 67.8+£7.2 72.6+7.6 57.8+£12.2 52.4+7.6
push open assemble make
Method cube drawer gears a toast Avg.
CogVideoX 52.6+7.4 41.448.6 22.6£74 144456 34.0

DVG-WM (ours) 78.4+6.6 68.2+11.8 51.4+8.6 38.2+11.8 62.2

them through imitation learning based on the provided demonstrations of the
dataset. The same protocol is applied to every task, and the average success
rates with standard deviation are reported in Tab. 6. We observe that DVG-WM
achieves an average success rate of 62.2% across the nine tasks, outperforming
the CogVideoX world model (34.0%) by 28.2% on average. The margin is most
pronounced on contact-rich and long-horizon tasks such as adapter insertion,
assemble gears, and make a toast, where accurate dynamics prediction is critical
for completion. These consistent gains across diverse tasks and two platforms
validate its effectiveness as an embodied world model for real-world robotic ma-
nipulation. The demos and more details of the real-world experiments are in
supplementary materials.

5 Conclusion

In this paper, we identify the bottleneck of inefficient video-based embodied
world models: modeling dynamics and synthesizing high-resolution observations
are tightly entangled. We then present DVG-WM, a disentangled video genera-
tion world model that addresses this limitation by decomposing world modeling
into a preview stage that captures dynamics and a high-resolution refinement
stage restoring fine-grained details with minimal computation. To efficiently con-
nect the two stages, we use flow matching to directly map the dynamics to video
latents, together with a latent degradation mechanism that encourages recon-
structing contact-rich structures rather than performing shortcut upscaling. Ex-
periments on LIBERO and real-world platforms demonstrate that DVG-WM
improves video prediction quality and instruction-following accuracy while re-
ducing inference time with up to 3.97x acceleration. DVG-WM further achieves
higher real-world success rates with 28.2% improvement. We believe disentangled
video generation provides a promising direction for embodied world models.
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