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Figure 1. We condition robot video generation on 4D semantic occupancy sequences and 7-DoF actions collected from real and simulated
environments (through methods π and π′). This occupancy-centric conditioning enables faithful, controllable synthesis of single-view,
multi-view, and sim-to-real manipulation videos. We also introduce ORV-Data, a curated 4D occupancy dataset for robot manipulation.
Across benchmarks and downstream tasks, ORV improves video quality and control alignment, boosting visual planning and policy learning.

Abstract

Recent embodied intelligence suffers from data scarcity,
while conventional simulators lack visual realism. Con-
trollable video generation is emerging as a promising
data engine, yet current action-conditioned methods still
fall short: generated videos are limited in fidelity and
temporal consistency, poorly aligned with controls, and
often constrained to singleview settings. We attribute these
issues to the representational gap between sparse control
inputs and dense pixel outputs. Thus, we introduce ORV, a
4D occupancy-centric framework for robot video generation
that couples action priors with occupancy-derived visual
priors. Concretely, we align chunked 7-DoF actions with
video latents via an Action-Expert AdaLN modulation,
and inject 2D renderings of 4D semantic occupancy into
the generation process as soft guidance. Meanwhile, a

central obstacle is the lack of occupancy data for embodied
scenarios; we therefore curate ORV-Data, a large-scale,
high-quality 4D semantic occupancy dataset of robot
manipulation. Across BridgeV2, DROID, and RT-1, ORV
improves video generation quality and controllability,
achieving 18.8% lower FVD than state of the art, +3.5%
success rate on visual planning, and +6.4% success rate
on policy learning. Beyond singleview generation, ORV
natively supports multiview consistent synthesis and enables
simulation-to-real transfer despite significant domain gaps.
Code, models, and data will be released upon acceptance.

1. Introduction

Developing realistic simulators for robot manipulation is cru-
cial for scaling embodied learning [45, 50, 60, 70]. While
existing simulators [27, 90] enable safe policy training and
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Figure 2. Establishment of non-interactive methods (π, π′) both in the
real-world environment and physical simulator to collect trajectory priors
(7-DoF EE Pose) and visual priors (Occupancy).

efficient data collection, they often struggle to deliver vi-
sual realism. Recent progress in generative world models
[49, 94, 119], especially action-conditioned video gener-
ation, offers a promising alternative by simulating future
visual states conditioned on agent actions. These models can
render realistic RGB observations responsive to control in-
puts, yet they still fall short of serving as reliable simulators:
generated sequences frequently lack temporal consistency,
action alignment, and multiview coherence. Bridging this
gap between sparse robot controls and dense visual dynamics
remains an open challenge toward building truly high-fidelity,
versatile, and reliable generative simulators.

Previous works [2, 80, 99, 102, 136] have advanced
action-conditioned video generation using diffusion-based
or autoregressive backbones, where robot actions are typ-
ically represented as 7-DoF end-effector (EE) poses that
guide visual rollout. Other studies [37, 118, 131] instead em-
ploy high-level conditioning such as language instructions to
drive scene dynamics. Despite these advances, existing ap-
proaches remain constrained by three key limitations: (p1)
limited visual fidelity and temporal consistency; (p2) drifted
or misaligned future predictions that fail to reflect manipu-
lation controls faithfully; and (p3) restriction to singleview
observations without enforcing multiview coherence.

We propose ORV, a versatile 4D occupancy-centric frame-
work for robot video generation that produces high-fidelity,
action-aligned visual simulations. Our key insight is to
incorporate 4D semantic occupancy as visual priors that
complement conventional action priors, effectively bridging
the representational gap between sparse control trajectories
and dense visual dynamics. We think that limitations p2,
p3 largely stem from this gap, as also observed in prior
works [54, 63, 109, 115] which introduce fine-grained cues
such as optical flow, masks, or skeletons to enhance con-
trollability. Furthermore, as illustrated in Fig. 2, occupancy
fields demonstrate robustness to geometric noise, providing
a natural bridge between simulated and real-world scenarios.
Moreover, ORV leverages the generative capabilities of mod-
ern video foundation models [49, 94, 119] to boost visual

realism and temporal coherence, substantially mitigating
issue (p1) while preserving physically consistent dynamics.

The overall framework of ORV is depicted in Fig. 1.
Guided by geometric priors from 4D semantic occupancy,
ORV enables robot manipulation video generation across
diverse object appearances and scenes [3, 63]. Furthermore,
view-specific conditioning encourages cross-view coherence,
enabling consistent multiview synthesis [1, 4, 26]. Benefit-
ing from the domain-invariant nature of occupancy-derived
representations, ORV also facilitates visual transfer from
simulation to the real world under varied conditions. To sup-
port large-scale training, we curate ORV-Data, a high-quality
4D semantic occupancy dataset for robot manipulation, built
through a carefully designed data curation pipeline.

Our contributions can be summarized as follows:
• We propose ORV, a 4D occupancy-centric framework,

enabling precise and controllable robot video generation
with domain randomization.

• By injecting occupancy-derived geometric priors into dif-
fusion noise, ORV achieves temporally consistent and
geometrically coherent multiview video generation and
simulation-to-real visual transfer.

• We curate ORV-Data, a large-scale, high-quality 4D se-
mantic occupancy dataset of robot manipulation with rich
geometric and semantic annotations.

• Experiments across diverse datasets and downstream tasks
demonstrate that ORV consistently enhances controllable
video generation, visual planning, and data-driven policy
learning, achieving state-of-the-art performance.

2. Related Work
Generative Models for World Modeling. Recent ad-
vances in video generation [7, 8, 49, 94, 119, 121, 133]
have greatly improved the realism of world modeling, ben-
efiting robotics [3, 9, 23, 43, 63, 68, 75, 109, 131, 136],
autonomous driving [24, 53, 71, 107], and general scene
synthesis [58, 59, 79, 130]. ReCamMaster [8] and Syn-
CamMaster [7] achieve video synthesis of novel trajecto-
ries, while IRASim [136] enables action-to-video predic-
tion, and VAP [109] employs visual prompts for precise
control in robotics. For autonomous driving, more recent
works adopt 3D occupancy as efficient scene representa-
tions [15, 39, 40, 51, 52, 98, 103, 111, 112, 114, 132]. For in-
stance, UniScene [53] leverages hierarchical occupancy pri-
ors for multimodal scene generation. Beyond explicit video
synthesis, implicit generative models have also been adopted
for complex interactions and decision making [19, 69, 74].
World Models for Embodied Intelligence. Progress in
simulating dynamic environments has fueled the develop-
ment of world models for robotics [9, 11, 14, 17, 20, 25, 28,
37, 67, 118, 124, 134, 135], where TesserAct [131] performs
4D scene synthesis via appearance–geometry joint modeling
and EnerVerse [37] forecasts future environments through a
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Figure 3. Overview of ORV framework. Centered on occupancy representation C, along with actions A, which are extracted from physical
simulators (e.g., ManiSkill [27]) or real-world data (e.g., Bridge [93]), we leverage the soft visual priors to enable robot video generation with
high visual quality and control alignment. Furthermore, we design a data curation pipeline to construct the robot occupancy data for training
purposes. ORV, as a powerful neural simulator, can greatly boost downstream applications (e.g., policy learning, visual planning, etc).

simulation pipeline. iVideoGPT [113] and Vid2World [38]
explore action-conditioned visual prediction with autore-
gressive frameworks. For data augmentation, Cosmos-
Transfer [3] and RoboTransfer [63] condition robot video
generation on scene maps (e.g., depth and normal), while
RoboEngine [123] achieves scene augmentation through the
segmentation toolkit. Meanwhile, WorldSimBench [76] es-
tablishes unified evaluation benchmarks for world models.

3. ORV: Methodology
We first formulate the robot video generation task (Sec. 3.1).
Then we elaborate on the specific architecture of ORV and
how these designs can largely improve the robot video gener-
ation (Sec. 3.2). Finally, we introduce our robot occupancy
dataset curated for the training process (Sec. 3.3) and explain
how ORV helps with the robot manipulations.

3.1. Problem Formulation
A generative world model for robot manipulation aims to
provide a photorealistic and physically consistent simula-
tion of the environment that mirrors real-world dynamics.
Given the context (S,O, ϕ, ρ), the goal of the model M is
to predict future states st:t+∆T ∈S and corresponding obser-
vations ot:t+∆t∈O, where ot = ϕ(st) denotes the rendered
observation from state st. Here, ρ defines the underlying
rules governing state transitions, leading to the transition
probability p(st:t+∆t, ot:t+∆t | s1:t, o1:t).

We formulate O in RGB space (e.g., images or videos).
Conventional text-to-video models [57, 94, 119] condi-
tion on ρ1 := Embed(text), yet linguistic abstraction of-
ten hinders accurate physical simulation. Recent action-
conditioned video generation [80, 99, 109, 113] extends this

to ρ2 := Embed(at:t+∆t ∼ π(s1:t)). Building upon this
progression, our model introduces ρ3 :=Embed(ct:t+∆t∼
π′(s1:t), at:t+∆t∼π(s1:t)), where a denotes agent actions
and c represents occupancy fields. We denote by π and π′

the extraction processes for (a, c) given states s.
As illustrated in Fig. 2, both extraction methods can be es-

tablished either in the real world (e.g., human teleoperation)
or within simulators (e.g., ManiSkill [27], MuJoCo [90]).
Notably, we employ π and π′ in a non-interactive manner—
these priors are collected entirely in a single offline pass
before being used. Moreover, the motivation for leverag-
ing occupancies lies in their robustness for representing
both noisy and parametric scene surfaces (Fig. 2). And the
coordinate-based formulation of occupancies enables seam-
less integration with online occupancy generations [129].

3.2. Occupancy-centric Robot Video Generation
To avoid a costly large-scale pretraining process (as previous
works [113, 135]) and reduce the training cost, we build ORV
model upon the pretrained open-source models (e.g., we
use CogVideoX-2B [119]), which also aligns with our non-
interactive purpose (using a bidirectional diffusion model).
CogVideoX incorporates the architecture of diffusion trans-
former (DiT) and achieves incredible performance. Then,
we propose a two-stage supervised finetuning (SFT) to inject
both action and visual cues into video generations. We aim
to address three key aspects: 1) overall quality of generated
videos (e.g., consistency of frames and realism), 2) align-
ment with the instructions ρ3, and 3) computation efficiency.
Chunk-level Action Conditioning. The 7-DoF action
sequences (e.g., A∈RT×Da derived from end-effector pose
sequences and Da=7) serve a high-level control signals in
robot video generation. Drawing inspiration from [128, 136],
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we inject these 3D action controls through adaptive layer
normalization (Action Expert AdaLN) to directly modulate
the video latents within each DiT block. More efficiently,
as illustrated in Fig. 4, we propose a chunk-level scheme
for temporal alignment between high-dimensional actions
and videos in modulation.

Specifically, following the temporal compression in 3D
VAE [49, 94, 119], we pad zero actions as the placehold-
ers of reference frames. Then an additional shallow MLP
(εaction in Fig. 3) is used to map every consecutive r ac-
tions into a single token: A ∈ RT×Da → MLP(Pad(A)) ∈
R(T

r +1)×D, where r denotes the chunk-size and D repre-
sents the feature size. Furthermore, we let Action Expert
AdaLN reuse the parameters of pretrained Vision Expert
AdaLN, eliminating the unnecessary computation cost (as
each AdaLN accounts for ∼ 1/3 of the total parameters).
Occupancy-derived Visual Conditioning. Translating
abstract 3D action signals into 2D pixels presents a great
challenge; thus, we introduce soft and pixel-level visual con-
ditionings derived from occupancy fields. However, directly
projecting voxels onto 2D planes will cause mutations on pix-
els between adjacent frames and viewpoints. We further pro-
pose to assign each grid with non-learnable Gaussian splat-
ting [46], then render them from certain views (Fig. 3), which
greatly improves the conditions quality and saves memory.

Moreover, we propose an adaptive scaling mechanism on
Gaussians to solve the perspective distortion during render-
ing (see Sec. 10.1.2 in Suppl. for derivations). Specifically,
the scale follows σ = k2 · ẑk1 , where ẑ ∈ [1, 2) denotes
the normalized depths in canonical space, and exponential
term k1, base scale term k2 control the scaling behavior of
Gaussians in the near and far plane, respectively.

To inject such occupancy-derived visual conditionings,
we deploy an additional encoder MLP (εvisual in Fig. 3),
then augment it with the input images, after which another
zero-initialized projector adds the visual conditionings to the
input noise: zin = Zero-MLP(zin+MLP(C))+zin. The pre-
vious ControlNet-like [126] methods, though demonstrating
accurate controls, suffer from a serious computation cost (see
Sec. 10.2 in Suppl.). Furthermore, such layer-wise control
injection tends to corrupt the video latents when conditions
are soft—that is, not pixel-level alignment with ground truth.

3.2.1. ORV-MV: Multiview Robot Video Generation
A complete and high-fidelity 4D world, typically formed
from multiview observations, greatly benefits robot learn-
ings [65, 75]. Leveraging the 4D occupancy-centric design,
ORV(-MV) generates multiview robot manipulation videos
well. Some prior works [109, 131, 136], however, capture
only a single surface of the scenes, resulting in noticeable
artifacts and empty regions in shifted views.

As shown in Fig. 5, ORV-MV introduces an additional
view attention (multiview module) prior to the temporal at-
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Figure 4. Illustration of three modulations (Expert AdaLN) and injecting
actions in our DiT block. And indicates the action paddings serving as
the placeholders for reference frames, where ε encodes actions and α, β, γ
are modulation vectors. We use [·] to indicate the dimensions for simplicity.

Figure 5. Architecture of ORV-MV, which generates multiview robot
manipulation videos with cross-view consistency.

tention (singleview module), inspired by [7, 16]. Both inherit
the 3D (2D+1D) attention layers of the pretrained model,
with 2D over pixels H×W and 1D over views V or frames F .
The former processes the latents FV ∈RBV ×SV ×D, where
SV =V HW denotes patch tokens across all views. While
the latter handles FP ∈ RBP×SP×D, where SP = THW
denotes tokens across all times of each view.

We then apply different controls for the two modules.
Specifically, singleview modules are conditioned on text,
actions, and occmaps. While multiview ones exclude action
priors, as they focus on view correspondences. Addition-
ally, details on handling multiview occupancy map data for
training purposes are provided in Sec. 8 in Suppl.

3.2.2. ORV-S2R: Bridge Simulation-to-Real Transfer
The occupancy-derived visual priors (e.g., depth maps) also
enable ORV(-S2R) to generate realistic videos from such
appearance-agnostic information, which is crucial for alle-
viating the visual realism gap between simulated and real
data in robotics. As shown in Fig. 3, physical simulators
(e.g., ManiSkill [27], MuJoCo [90]) can readily provide such
priors at a low cost.

Previous works, e.g., Cosmos-Transfer [3], RoboTrans-
fer [63], have also demonstrated success in transferring
multi-modal data to significantly mitigate the data scarcity
problem in robotics. However, as described in Sec. 3.1
and Fig. 2, the occupancy-derived condition maps further
exhibit robustness to geometric noise, providing a natural
bridge between real-world noisy surfaces and parametric
ones in simulation. Experiments in Sec. 4.4 have validated
the effectiveness of this design.

1056



Bullet-time Renderings

Semantics Space Construction

Occupancy Construction

4D Points Recon (MonST3R)

Key-frame Caption (VLM) Labelled Everything
>150K

Word Embedding

K-means Clustering

Semantics LabelSet (~50)
<table, countertop, towel, spoon, pan, ...>

Densify (NKSR) + Voxelize

Instance Gounding (DINO)

...

Instance Tracking (SAM2)

Instance-to-Semantic

opacity = 1
scale ← depth
color ← label

Equip Occupancy with Semantics

(RGB Video)

(all videos)

Raw Videos

4D Points

Raw Occupancy

Tracked Videos

Rendered OccMaps

Occ2GSSemantics Occupancy

1) Bridge Data; Episode #667

2) RT-1 Data; Episode #1651

t=40

t=16

t=0

t=16
(a) (b)

(RGB-D Video)

Figure 6. (a) Overview of Training Dataset Curation Pipeline, which consists of four steps: 1) semantics space construction, 2) occupancy
construction, 3) equip occupancy with semantics, and 4) bullet-time occupancy-to-Gaussian renderings in practical usage. (b) Occupancy
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3.3. 4D Occupancy Dataset of Robot Manipulation

To train ORV model, we establish a 4D occupancy dataset of
robot manipulation through the data curation pipeline shown
in Fig. 6(a). The occupancy data are derived from existing
popular robot datasets (BridgeData V2 [93], DROID [47],
RT-1 [13]). Some examples are shown in Fig. 6(b). More
details are provided in Sec. 10.1 and Sec. 11.1 in Suppl.
Semantics Labeling. Complex semantic understanding
remains essential in robot manipulation, as predicting next-
state dynamics requires recognizing objects—rigid, articu-
lated, or deformable—that exhibit distinct physical behav-
iors. To this end, we construct the dataset-level semantic
space through vision-language-model (VLM) [6] for cap-
tioning and K-means [66] clustering over ∼150K labels. For
each video, we then extract temporally consistent instances
across frames using Grounding DINO [64] and SAM2 [78],
after which they are mapped to coherent semantics.
4D Occupancy Generation. This process involves two
steps: 1) occupancy construction and 2) semantic enrichment.
We first reconstruct sparse 4D points with MonST3R [125]
and then densify them by NKSR [36], which greatly fills
holes and is robust to noise. Note that for those videos with
a depth channel, the reconstruction is not needed. Then,
dense points are voxelized to 4D occupancy in canonical
space, after which semantics are assigned by majority voting
for points with projected semantic labels within each voxel.

Finally, we filter the occupancy-rendered data with poor
inter-frame consistency (through RAFT [85]).

4. Experiments

In this section, we conduct comprehensive experiments to
validate ORV model on multiple tasks, including control-
lable video generation, visual planning, and policy learning.
They are expected to answer these questions: 1) What is the
quality of the videos generated by ORV? 2) To what extent
is the generative capability of ORV? 3) How can generated
videos benefit robot learning tasks? Additionally, we pro-
vide dataset details, experiment details, and more results in
Sec. 7, Sec. 10, Sec. 11 in Suppl., respectively.

4.1. Conditional Video Generation
Setup. We evaluate the video generation of ORV on
three real-world datasets, their embodiments, views of each
episode, and volume are as below:
• BridgeV2 [93]: WidowX, 1∼3 views, ∼60K episodes;
• DROID [47]: Franka Panda, 2 views, ∼76K episodes;
• RT-1 [13]: Google Robot, 1 view, ∼120K episodes;
Please refer to Sec. 7 in Suppl. for more dataset details. For
the action-conditioned base model setup, we train ORV for
∼30K steps from the pretrained backbone. For occupancy
maps-guided finetuning and multiview video generation, we
have additional ∼20K gradient steps of training.
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Table 1. Evaluation results of Conditional Video Generation on three datasets. Top-1 performance within all variants and each type of model
is represented with bold text and underlines.

Method
BridgeData V2 [93] DROID [47] RT-1 [13]

PSNR↑ SSIM↑ FID↓ FVD↓ PSNR↑ SSIM↑ FID↓ FVD↓ PSNR↑ SSIM↑ FID↓ FVD↓

Text-conditioned Generation Models
CogVideoX [119] 19.432 0.752 7.509 83.561 19.238 0.701 6.341 71.536 20.457 0.816 6.243 42.169

Action-conditioned Generation Models
AVID [80] - - - - - - - - 25.600 0.852 2.965

*
24.200

HMA [99] 23.636 0.808 8.849 67.096 21.435 0.821 3.108 47.383 25.424 0.840 7.306 84.165
IRASim [136] 25.276 0.833 10.510 20.910 21.632 0.820 5.395 41.031 26.048 0.833 5.600 25.580
ORV (Ours) 25.631 0.873 3.821 17.682 22.034 0.838 4.921 37.094 27.086 0.863 4.210 20.031

Occupancy&Action-conditioned Generation Models
IRASim† [136] 27.352 0.862 9.413 22.503 22.005 0.827 7.892 44.309 27.213 0.847 5.311 42.130
ORV (Ours) 28.258 0.899 3.418 16.525 22.310 0.841 3.222 34.603 28.214 0.878 4.013 19.931

* FID Scores of AVID [80] have been computed not in evaluation mode according to the official codes and lead to incorrect results. Thus, we ignore it.
† We incorporate the same occupancy&action conditions to IRASim.

Table 2. Evaluation results of Visual Planning on VP2 [86] Benchmark. Top-1 performance across 8 tasks and the average success rate
are highlighted accordingly. We provide the mean and standard deviation of the success rate (in %) on average over 3 runs. The best and
second-best performances are represented with bold text and underlines, respectively.

Method
Robosuite

Push
Flat Block

Open
Drawer

Open Slide
Blue

Button
Green
Button

Red
Button

Upright
Block

Avg. Success

Simulator 93.5±2.2 13.3±0.1 76.7±0.0 71.7±1.2 100.0±0.0 96.7±0.0 90.0±0.0 90.0±0.0 88.4 *

MCVD [92] 77.3±2.6 4.0±1.1 11.7±1.2 18.3±1.0 95.0±3.6 83.3±0.4 73.3±2.6 56.7±2.4 59.4 67.2
FitVid [5] 67.7±5.3 9.2±4.0 25.3±6.9 35.3±4.5 94.0±4.6 84.0±5.3 58.7±5.1 51.3±2.7 59.5 67.3
MaskViT [29] 82.6±2.3 4.0±3.9 4.0±4.5 8.7±5.7 94.7±2.0 64.0±4.3 24.0±7.5 62.2±8.6 48.6 55.0
iVideoGPT[113] 78.3±0.4 3.3±0.7 37.5±1.5 16.1±2.5 95.6±2.9 82.5±3.1 92.2±1.5 44.7±1.7 63.9 72.2
ORV (Ours) 81.4±1.7 6.1±2.0 40.5±1.1 19.9±3.4 96.7±2.5 85.6±3.0 93.2±1.9 44.8±1.4 66.0 74.7

* Values in this column are normalized by the simulator’s average success rate.

Comparison with Baselines. To comprehensively demon-
strate the superiority of ORV model, we compare ORV with
original CogVideoX [119] and action-conditioned methods
AVID [80], HMA [99], IRASim [136] and more baselines
augmented with our occupancy priors (e.g., IRASim). We re-
port the quantitative results of controllable video generation
in Table 1, where ORV outperforms all baselines across most
of the metrics. Moreover, as highlighted (white arrows) in
the BridgeV2 example of the singleview generation in Fig. 7,
the baseline fails to faithfully infer the dynamics of objects
manipulated by the robotic gripper. More details about the
baselines and comparison results are in Sec. 11.2 in Suppl.
Multiview Robot Video Generation. We show an exam-
ple of multiview robot video generation performed by ORV
in Fig. 7. The example shows the robot arm performing
a cloth-folding task across three views, where the outputs
maintain exceptional cross-view consistency. This high-
fidelity multi-view generation enables efficient downstream
applications, including photorealistic scene reconstruction
and robotics imitation learning. Note that there exists a
lighting discrepancy issue in the original data.

Sim-to-Real Transfer. Fig. 7 illustrates examples of
sim-to-real generation through ORV-S2R, as described in
Sec. 3.2.2. Details of simulation environment setup and dy-
namics data generation are provided in Sec. 9 of the Supple-
mentary. Leveraging an additional image generator (Control-
Net [126]), we first produce diverse initial frames and then
extend them to high-quality, realistic manipulation videos.
In this case, using simulator-derived occupancy maps con-
sistent with training preserves the consistent performance.
Moreover, thanks to the robustness of occupancy represen-
tations, even condition maps with various granularity (e.g.,
parametric maps from the simulator) yield only minor per-
formance degradation (see results in Sec. 4.4).

4.2. Visual Planning

Setup. We further evaluate the controllability of ORV on
VP2 [87], a visual planning by action controls benchmark.
Following [86, 102, 113], we train ORV on 5K trajectories
for Robosuite [137] and 35K for RoboDesk [44].
Results. Tab. 2 presents the success rates of ORV compared
to the baselines over 9 tasks. ORV outperforms all baselines
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Figure 7. Qualitative results of versatile Video Generation with full conditions. Given one-frame observation, ORV predict subsequent 15
frames on validation split of Bridge [93], DROID [47], RT-1 [13] datasets. Red boxes denotes the first frame input of the video generation;
Orange boxes denotes the ground-truth of the subsequence frames.

Table 3. Evaluation results on SimplerEnv-WidowX [56] across
four manipulation tasks. “+Finetune” indicates the additional fine-
tuning on domain-specific dataset; and “+ORV” indicates that we
augment the finetuning dataset with ORV-synthesized data.

Method
Spoon

on Towel
Carrot

on Plate
Stack
Cube

Eggplant
in Basket

Avg.
Success

RoboVLM∗† [62] 18.6% 22.9% 8.1% 0.0% 12.4%
+Finetune∗ 27.6% 26.7% 12.1% 52.8% 29.8%

+ORV 32.2% 29.6% 15.7% 57.9% 33.9%
∆Improvement +4.6% +2.9% +3.6% +5.1% +4.1%

SpatialVLA∗† [77] 12.5% 20.8% 20.8% 58.3% 28.1%
+Finetune∗ 12.8% 26.1% 26.5% 79.3% 36.2%

+ORV 14.7% 28.4% 27.8% 83.0% 38.5%
∆Improvement +1.9% +2.3% +1.3% +3.7% +2.3%

* The results are reproduced locally for fully fair comparisons.
† Zero-shot performance (Pretraining).

in four RoboDesk tasks and achieves second-best results
in the other four tasks, indicating its capability to predict
high-fidelity future observations, which is fully controllable.

4.3. Policy Learning

Setup. To improve policy learning, we employ it as a
powerful data engine to augment existing data. Similar to
ORV-S2R, we leverage another image generator (Control-
Net) to generate diverse initial frames and then extend them
to videos, with some examples with appearance randomiza-
tions are shown in Fig. 8. For our evaluations, we use post-
finetuning after cross-embodiment pre-training as the setup,
and leverage ORV to generate additional ∼ 30K samples

Table 4. Ablation results of Video Generation and Visual Planning
on approaches of priors injection.

Variants PSNR↑ SSIM↑ FID↓ FVD↓ Success↑
CogVideoX 19.432 0.752 7.509 83.561 -

Action Conditions
w/ Text Expert 20.424 0.772 4.104 23.586 52.9
No Chunks 24.813 0.850 3.793 19.944 70.6
Ours (base) 25.631 0.873 3.821 17.682 74.7

Occupancy Map Conditions
ControlNet 26.974 0.865 3.613 20.069 -
Ours (full) 28.258 0.899 3.418 16.525 -

(refer to Sec. 10.3 in Suppl. for more details). We evaluate
the recent open-sourced policy models RoboVLM [62] and
SpatialVLA [32] on SimplerEnv-WidowX [56] with Bridge-
Data V2 [93] as the test suite. Each policy model is finetuned
both on the original data and the augmented data, following
the official instructions. For more discussions about the data
augmentation, please refer to Sec. 12.3 in Suppl.
Results. Tab. 3 shows that the augmented data from ORV
improves policy learning performance. We keep the original
and augmented finetuning data the same in size, with the
synthetic data accounting for ∼25% of the augmented data
as a practical choice. With the augmentation (the row of
“+ORV” in Tab. 3), we achieve gains of ∼13.7% (29.8% →
33.9%) for RoboVLM [62] and ∼6.5% (36.2% → 38.5%)
for SpatialVLA [77], which significantly demonstrates the
effectiveness of ORV-augmented data for policy learning.
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Figure 8. Illustrations of Appearance Randomization powered by ORV, generating diverse manipulation videos of four tasks. For each
manipulation task in Bridge Data [93], we present three examples with distinct visual appearances, demonstrating that ORV generalizes well
to varied context inputs and thereby alleviates the challenge of data collection of robot learning.

Table 5. Ablation results of Conditional Video Generation on
occupancy conditioning resources and training strategies.

Variants Source PSNR↑ SSIM↑ FID↓ FVD↓
Conditioning Resources

w/o cond. (base) - 25.631 0.873 3.821 17.682

w/ depth Fine 30.288 0.919 3.061 14.321
Coarse 28.031 0.896 4.522 18.548

w/ sem. Fine 28.896 0.901 3.259 16.171
Coarse 27.911 0.896 3.467 17.053

Full cond. Fine 30.431 0.920 2.998 14.301
Coarse 28.258 0.899 3.418 16.525

Training Strategies (w/o Occupancy Conditionings)
From scratch - 23.518 0.811 19.357 84.831

From CogVideoX2B - 25.631 0.873 3.821 17.682

4.4. Ablation Study and Analysis
Effect of Conditioning Approaches. Tab. 4 ablates our
action conditioning (Fig. 4). Altering the Action Expert
AdaLN (e.g., combining Vision and Text Experts) signifi-
cantly degrades performance. Similarly, omitting temporal
chunking (directly encoding discrete actions) drops PSNR
by 3.2% and success rate by 5.5%. For visual conditioning,
injecting occupancy-derived coarse controls into deep layers
rather than initial noise reduces PSNR by 4.5
Effect of Control Signals. Tab. 5 evaluates conditioning
resources (Coarse: occupancy-rendered; Fine: pixel-level)
and types (depth and semantic). The results demonstrate
that introducing visual priors leads to significant improve-
ments, with gains of 18.72% (25.621→30.431) and 10.24%
(25.621→28.258). Moreover, coarse condition maps achieve
performance comparable to their fine counterparts. Addi-
tionally, Tab. 6 demonstrates improvements in three-view
generation (BridgeData V2 [93]) using view0 as the anchor
for multiview priors (details in Suppl. 8).
Effect of Pretraining. We further test the benefits of the
pretraining process. As shown in Tab. 5, models trained
from the CogVideoX have superior performance compared
to those from scratch, particularly on FID and FVD metrics.
Robustness of Occupancy Representations. To validate
the robustness of occupancy representations used in ORV
model, as described in Sec. 3.1 and Sec. 4.1. We examine the

Table 6. Ablation results of Multiview Video Generation on occu-
pancy conditionings on BridgeData V2 [93] with 3 views. Numbers
are reported as “with / without” visual priors.

Views PSNR↑ SSIM↑ FID↓ FVD↓
View0 (anchor) 25.77 / 28.25 0.87 / 0.89 3.20 / 3.11 14.05 / 12.54

View1 23.04 / 25.87 0.79 / 0.85 3.31 / 3.18 16.36 / 13.67
View2 22.90 / 25.79 0.78 / 0.85 3.32 / 3.19 15.97 / 13.62

Table 7. Ablation results of zero-shot Conditional Video Generation
on different occupancy conditioning resources.

Train Val PSNR↑ SSIM↑ FID↓ FVD↓
Coarse Coarse 28.031 0.896 4.522 18.548
Coarse Fine 26.608 (-1.423) 0.872 (-0.024) 4.932 (+0.410) 24.134 (+5.586)

Fine Fine 30.288 0.919 3.061 14.321
Fine Coarse 19.048 (-11.240) 0.754 (-0.165) 22.893 (+19.832) 132.685 (+109.792)

zero-shot performance of models through training and evalu-
ate them under different condition settings, as illustrated in
Tab. 7 (refer to Fig. 17 in Suppl. for more qualitative details).
The results reveal that models trained on occupancy-derived
coarse visual conditions generalize better across conditions
of varying granularity. In contrast, ORV models trained
on pixel-aligned conditions suffer a dramatic performance
drop on coarse inputs. This imposes a major constraint on
deploying the model in more diverse scenarios (e.g., from
simulation to real-world), necessitating condition maps that
accurately align with ground truths. Therefore, previous
works [3, 63] are sensitive to inaccuracies in the condition-
ing, whereas ORV is not.
More Discussions. We have additional broader discussions
for a better understanding of our work in Sec. 12 in Suppl.

5. Conclusion
We propose ORV, an occupancy-centric framework for robot
video generation that couples action priors with occupancy-
derived visual priors. With such an occupancy-centric design,
ORV achieves high-quality robot video generation and
consistent multiview synthesis. The robustness of occupancy
representations further enables ORV to achieve superior
visual transfer between simulated and real-world scenarios.
Experiments on controllable video generation, visual
planning, and policy learning demonstrate the effectiveness
and versatility of ORV for advancing robotics research.
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