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Abstract— Existing datasets for training generalist manipulation
policies often lack diversity in object variety and initial states,
limiting the range of physically grounded interactions present in
them. Consequently, these policies struggle with unseen object
shapes, sizes, or unfamiliar object poses. Manually collecting real-
world trajectories with diverse physical interactions is tedious, time-
consuming, and expensive, underscoring the need to generate these
autonomously. Simulators offer a scalable pathway to autonomously
generate trajectories by enabling extensive variation not only in
tasks (e.g., objects, object properties, and initial conditions), but
also in the robot behaviors required to solve these tasks. We develop
a data generation pipeline that autonomously produces physically
grounded trajectories in simulation using video diffusion models.
Our approach first simulates random initial conditions across
various tasks using a diverse asset library. A video diffusion model
generates videos of a robot performing these tasks in physically
diverse scenarios, which are then fed to a learned goal-conditioned
planner to extract actions that closely follow the generated videos.
Unlike prior trajectory generation methods, our pipeline generalizes
to new objects across multiple tasks without relying on human
demonstrations. Using our approach, we generate a simulation
dataset PHYSVIVID, containing 5k+ demonstrations involving
400+ objects. We demonstrate the effectiveness of PHYSVIVID by
fine-tuning robot policies on it, and demonstrating generalization
of policies to unseen objects with varying shapes, textures, and sizes,
as well as to unseen object categories. See videos on our website:
https://sites.google.com/view/physvivid/.

I. INTRODUCTION

Inspired by the remarkable success of multimodal large
language models that can solve a wide variety of text- and image-
based tasks [1], [2], [3], [4], [5], recent research has attempted
to follow the same recipe to build generalist robot policies [6],
[7], [8], [9], [10], [11], [12]. However, unlike text or image tasks
– where abundant and diverse data is freely available online –
existing datasets for training generalist manipulation policies are
limited in terms of scale and diversity essential for training a
generalist policy [1], [13], [14]. This lack of variety, in particular
lack of diversity in object properties or physical interactions in
the world leads to poor performance of robot policies trained
on these datasets when encountering unfamiliar objects that
require new physically-aware interactions [15]. As an example,
the BridgeData V2 [13] dataset mainly contains manipulation
data of a small set of plastic cups (Fig. 1; left). A policy trained on
this dataset often struggles with picking up larger or heavier cups
– a behavior that is seemingly similar to picking up smaller cups
but can require a completely different motion, torque, or grasp.

Manually collecting real-world data with sufficient diversity of
physical interactions is tedious, time-consuming, and expensive,
often requiring experts to ensure high quality. Consequently,
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Fig. 1: Diversity of physically grounded motions in
PHYSVIVID. Left shows samples from BridgeData V2 [13]
with limited object diversity: a small set of plastic cups get used
throughout the dataset. Right shows samples from our generated
dataset PHYSVIVID, which expands the diversity of physical
interactions using a rich asset library consisting of 400+ objects.

there is a clear need to collect data autonomously, but real-
world attempts are hindered by inherent limitations in object
variety, manual resets, and lack of reliable success detection
mechanisms [16], [17]. In contrast, simulators have the potential
to provide a scalable way to autonomously generate new
trajectories with controlled quality and diversity. They enable
extensive variation not only in the tasks (e.g., different objects,
object properties, and scene setups) but also in the behavior of the
robot when performing the task with such object variations (e.g.,
different grasps needed to lift small or large cups as in Fig. 1).

To scale data generation in simulation, previous work has
proposed using digital twins — virtual replicas of real-world
environments [18], [19]. However, most methods utilizing digital
twins focus on randomizing static variations in the scene as
opposed to autonomously expanding the diversity of physically
grounded interactions and motions. Most popular methods
for trajectory generation in simulation rely on extrapolating
human demonstrations, which restricts motions to previously
observed contact points [20], [21], [22]. Such methods also often
fail to handle novel tasks or unseen objects that demand new
affordances. For instance, if the provided human demonstrations
primarily grasp small cups with robot grippers positioned
on cup’s exteriors, these generation methods would fail to
effectively grasp wider cups that require different gripping
strategies, e.g., grasping the rim of the cup (Fig. 1). This
highlights a critical research gap: how can we increase diversity
of physical interactions in simulation without relying on
extensive human input, thereby ensuring that the robot can
generalize to a wide range of real-world situations?
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Fig. 2: Overview of our generation pipeline. We generate physically grounded trajectories in simulation using the motion generation
capabilities of video diffusion models. We first simulate diverse initial conditions for each task (e.g., “Put cup in drying rack”) using
a rich object library. A video diffusion model (V ) generates N videos of robot solving the task. A goal-conditioned planner (πϕ)
extracts actions from generated videos, which are rolled out in simulation. The resulting trajectories are filtered based on task success
to create our PHYSVIVID dataset comprising of 5k+ trajectories of 400+ objects. Training generalist policies [8] on PHYSVIVID
improves their generalization to objects of varying shapes, textures, and sizes, as well as to objects from unseen object categories.

To address these challenges, we combine the strengths of
simulators and video diffusion models. Simulators provide
necessary physical grounding while allowing for extensive
variation of objects and their physical properties. Meanwhile, we
leverage the motion generation capabilities of video diffusion
models, pretrained on video datasets that encompass a wide range
of physical interactions with diverse objects, for autonomous
generation at scale. We use these models to sample diverse video
demonstrations of robots performing physical tasks, surpassing
the motion diversity achievable by prior generation methods.
Then, we leverage a goal-conditioned planner that closely follows
the generated video, frame-by-frame, within a simulated environ-
ment to produce the corresponding actions required for achieving
the robot’s behavior in the new physical conditions of the task.
This synergy between video diffusion models and simulations
enables autonomously producing diverse physical interactions –
overcoming the limitations of previous data generation methods
that would not benefit from task coverage, pixel-level guidance,
and motion diversity of pretrained video generation models.

Our method leverages off-the-shelf video diffusion mod-
els [23] fine-tuned on a small amount of scripted data to generate
diverse videos of manipulation policies. We then simulate diverse
initial conditions using an asset library of more than 400+ object
models. In this work, we focus on generalization to objects with
diverse shapes and sizes as our main instance of physical ground-
ing. Variations to these properties ensure that the robot behaviors
generated are grounded in real-world physics, capturing a wide
range of realistic and diverse interactions. Our diffusion model
generates robot videos under these varied conditions. Using
a goal-conditioned behavior cloning policy [24], we generate
actions in simulation that closely follow the generated video
in diverse physical variations of the scene (for example, the

actions needed to pick different cups in Fig. 1). We demonstrate
that our generated physically-grounded dataset, which we call
PHYSVIVID (Physically grounded data via Video Diffusion), en-
ables generalization to unseen objects and object variations. Fine-
tuning a pretrained policy such as OpenVLA [8] on this grounded
data improves its performance by an average of 15% across three
tasks evaluating physical generalization to objects with varying
shapes, textures, and sizes, as well as to unseen object categories.

We summarize our contributions below:
• We develop a pipeline to autonomously generate physically

grounded trajectories in simulation by leveraging a video
diffusion model and a goal-conditioned planner.

• Using our pipeline, we generate a dataset, PHYSVIVID,
featuring 5k+ trajectories, manipulating 400+ objects, and
showcasing a diverse range of physical motions.

• We demonstrate that fine-tuning generalist robot policies on
PHYSVIVID improves generalization to unseen objects with
varying shapes, textures, and sizes, and from unseen object
categories by an average of 15% across three simulated tasks.

II. RELATED WORK

In this section, we discuss the shortcomings of datasets
used currently for training generalist policies, review previous
methods for trajectory generation in simulation, and explore the
use of image diffusion models in prior manipulation works.
Datasets for generalist manipulation policies. Generalist robot
manipulation policies [6], [25], [9], [7] are typically trained using
data collected through robot teleoperation, which is difficult to
scale. Recent efforts have sought to expand training datasets
using human videos [26], [27], [28], simulations [20], [29], and
cross-embodiment data [30], [31], [32]. Although promising,
integrating videos and cross-embodiment data often requires spe-
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cialized solutions to bridge the embodiment gaps between robots
and humans. In contrast, our work demonstrates the potential of
using simulations to expand datasets. The simulated data used in
prior works [20], [29], [11], [33] tends to be limited in scale and
diversity, often relying on collections of existing small-scale sim-
ulation datasets. In this work, we provide a pipeline for scaling
the amount of physically-grounded robot data in simulation.
Trajectory generation in simulation. Prior works for
autonomous trajectory generation in simulation rely on skills
derived from reinforcement learning [34], [35], [36], [37] or
grasp and motion planning [38], [39] — at times using large
language models for planning [38]. However, reinforcement
learning is challenging to tune and often requires task-specific
training. Domain randomization under these setups can increase
environmental diversity, but behavioral diversity must still
be discovered through reinforcement learning or planning,
increasing learning complexity. Grasp samplers, on the other
hand, struggle with objects of varying sizes or complex motions
like flipping of cups. Other approaches [20], [21], [22], [19]
attempt to mimic object contact points from a few human
demonstrations, yet fail to generalize to new objects with
varying shapes and sizes that demand different affordances. In
contrast, we employ video diffusion models [40], [23], which can
generalize to unseen objects and generate useful robot trajectories
across multiple tasks, without relying on human demonstrations.
Video generation for robot manipulation. Numerous works
have explored using image and video diffusion models [24],
[40], [41], [42], [43], [44], [45] for visual planning. These
approaches typically employ a diffusion model to generate
visual plans of robot or humans [46] executing tasks, paired with
an inverse dynamics model to extract the underlying low-level
actions. However, the real world deployment of this pipeline
achieves only modest success rates [17]. We instead re-purpose
this pipeline for generating diverse physical interactions to
train generalist policies via imitation learning. We execute the
trajectories in simulation, verify task completion, and thereby
account for potential failures from our generation pipeline.
Although recent works [17] have similarly attempted to use
image diffusion models for autonomous data collection on real
robots, they are constrained by the inherent limited diversity
of objects accessible in the real world and the shortcomings
of automated success detection mechanisms [16]. Concurrent
work [47] investigates video-generation-based imagination of
future robot behaviors, but unlike us, does not perform simulator-
based verification or target physical diversity. Additionally,
recent work has attempted to extract supervision from generated
videos for simulator-based trajectory optimization [48] or real-
robot retargeting [49], but again do not consider varying physical
properties. Another line of works augment existing datasets by
using image diffusion models to generate visual variations [50],
[51] or slightly off-trajectory images [52]. In contrast, our
approach generates entirely new interactions with diverse objects,
with the aim of enriching the physical diversity of datasets.

III. PHYSICALLY-GROUNDED DATA GENERATION

This section details our data generation pipeline for
autonomously producing diverse, physically-grounded robot

Fig. 3: Simulation of diverse initial conditions. We generate
diverse initial conditions for each task (e.g., Lift cup) by sampling
object models from a rich object library of 400+ objects and
sampling appropriate scales and poses for them.

trajectories in simulation. These trajectories involve interactions
with varying objects of different shapes and sizes across multiple
tabletop manipulation tasks. To generate these, we integrate
the motion generation capabilities of video diffusion models
with scalable physics-based simulation. Concretely, our method
first uses a simulator augmented with a rich object library to
create diverse conditions for different tasks (Section III-A). We
then leverage diffusion models for generating videos of robots
performing these physically diverse tasks (Section III-B). We
then use a goal-conditioned planner for grounding the videos and
generate low-level actions that follow the videos frame-by-frame
(Section III-C). Additionally, we use simulators to validate the
effectiveness of the generated actions for solving the desired
tasks (Section III-D).

A. Simulation of Diverse Initial Conditions

Recognizing the potential of simulations to scale autonomous
data generation [53], [54], we firstly create a diverse set of initial
environment states in simulation. We pool 3D object models
from existing object datasets to create an object library O. The
use of a large collection of object models allows the generation
of trajectories for objects with different shapes and textures –
significantly surpassing the diversity of objects accessible in real-
world environments. For instance, the 3D object datasets provide
as many as 500 different instances of cups and glasses (illustrated
in Fig. 3). We simulate a diverse set of initial conditions by ran-
domizing these object assets, in addition to their scales and poses.

Formally, let T = l1,l2,...,ln represent a set of language
instructions (e.g., Lift cup), each corresponding to a specific task.
Define Fobj :T →2O as a function that maps each instruction
l ∈ T to a subset of object models suitable for that task. Our
generation procedure operates as follows: for each instruction
l ∈ T , we first sample an object model o ∈ Fobj(l). Before
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Fig. 4: Generating multiple video plans using a video diffu-
sion model. The images on the left illustrate representative initial
states for the Lift Cup task, while the frames (gt1 ,gt2 ,gt3) on the
right display video plans produced by our model V , subsampled
at timesteps t1, t2, and t3. The first row shows a physically
plausible scenario of the robot lifting a cup. The second
row depicts an implausible scenario where the robot’s gripper
intersects the cup’s edges. The third row shows a sequence that
requires precise positioning to grip the cup’s handle.

positioning the sampled object model o in the environment, we
assign it appropriate scale and pose by sampling values from
feasible ranges that are determined based on task l and geometry
of o. For example, for the Lift cup task illustrated in Fig. 3, the
scales and poses of the cup objects are sampled so that the cups
can fit within the sink’s bounds. We position the object in the
environment to completely instantiate the task, and repeat this
procedure to sample multiple initial task conditions (like the
ones illustrated in Fig. 3). With this systematic randomization
of initial task conditions, we enhance the physical diversity of
objects in our generated dataset for learning generalist policies.

B. Generating Robot Plans via Video Diffusion Model

Simulators can scale up object and visual diversity, but this
by itself does not give us the training supervision necessary to
train generalist policies – the robot movements that would solve
different tasks. Generating robot movements across different
manipulation tasks, objects and object properties requires
reasoning about the necessary task-specific affordances and
motions. For example, lifting cups with different shapes and
sizes in Fig. 1 would need different gripping strategies. Our key
insight is that video diffusion models, typically pretrained on
large video datasets encompassing different objects and tasks,
possess this physical understanding.

Video diffusion models are improving rapidly, achieving
increasingly realistic and coherent generations, we find that
open-source video diffusion models still fail to generate videos
of robots executing tasks, as these are primarily trained on

human videos. So, we customize our video diffusion model to
the target robot embodiment and environment by finetuning it
on a small dataset of scripted trajectories generated in simulation
using a subset of objects Os∈O.

We leverage our customized video diffusion model to generate
videos that show different ways in which a robot could complete
a particular task starting from a given initial state (Fig. 4 top
row). Although some sampled videos may be implausible (Fig. 4
middle row) or challenging to execute (Fig. 4 last row), producing
a diverse set of execution trajectories—such as varying gripping
techniques—enhances the likelihood that at least one trajectory
will succeed. Precisely, given a language instruction l and the
initial third-person observation image I, we use a video diffusion
model V to generate N videos, G1,G2, ...GN , of the robot
solving the task. Out of these, the video plans that cannot result in
task-completing trajectories get filtered out in subsequent stages
(Section III-D). We generate video plans for different tasks and
sampled initial task conditions. Next, we describe the process of
extracting low-level actions from these generated videos.

C. Extracting Low-level Actions from Videos

While video diffusion models can generate visual
demonstrations of robot task executions, training generalist
policies through imitation learning requires low-level actions
that robots can physically execute. To bridge this gap, we train
a goal-conditioned behavior cloning policy, πϕ parameterized by
ϕ, which outputs the actions (Fig. 5 bottom) that closely follow
the motions depicted in the generated videos (Fig. 5 top). Given
a generated video plan G consisting of L frames: {g1,g2...,gL},
the policy sequentially attempts reaching the environment state
depicted in each subgoal frame. Specifically, for a current
observation ot and a subgoal frame g ∈G it predicts a chunk
of k next actions to reach the subgoal g: at:t+k=πϕ(ot,g).

We train this policy using the same scripted trajectories on
the object subset Os that were used for customizing the video
diffusion model in Section III-B. At the time of data generation,
we sample a new subgoal every m timesteps, and execute the
first e<k actions from the predicted chunk. In Fig. 5, for the
sake of simplicity we illustrate this procedure for e=m, i.e., a
new subgoal is sampled every e timesteps, and the first e actions
of the predicted chunk are executed in simulation. The figure
shows a rollout from πϕ in simulation (bottom sequence), that
attempts to follow the generated video (top sequence).

The video diffusion model may occasionally generate
physically implausible frames (Fig. 4). However, the goal-
conditioned planner is trained only on physically valid simulation
trajectories and therefore tends to produce feasible motions from
current state even when subgoals are imperfect. Furthermore,
trajectories are executed and validated in simulation, and failures
are filtered using success detection, which we describe next.

D. Success Detection and Filtering

The pipeline discussed thus far is capable of generating
trajectories that attempt to solve the task under diverse simulated
initial conditions. However, before training on these trajectories,
it is essential to validate their success at accomplishing the
intended tasks. This validation is particularly important when
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Fig. 5: Extracting actions from generated videos. The top
row shows a video of the robot executing Lift cup task from our
video diffusion model. Our goal-conditioned planner extracts
low-level actions from this video. The bottom row shows the
corresponding robot trajectory executed in simulation using the
extracted actions. In this illustration, first e<k actions from the
predicted chunk are executed before the next subgoal is sampled.
A success detection mechanism determines if the robot succeeds.

generating data for manipulating uncommon objects or objects
with atypical sizes, where execution failures are more likely. To
ensure quality of the generated data, after executing the extracted
plans in simulator, we apply task-specific success detection logic
that uses privileged information from simulator (e.g., object
poses) to determine whether a trajectory successfully completes
the task. For example, for the Lift cup task in Fig. 5, the success
detection logic would mark the episode as successful if the cup
is raised above a certain height with the robot holding on to it.
We code up similar success criteria for other tasks. While this
requires task-specific success definitions, in simulation these
are typically simple geometric checks using privileged state
(e.g., object height or location). For more complex tasks, learned
success classifiers can be used. Using these criteria, trajectories
that fail to meet the success conditions are filtered out, giving
a set of physically grounded trajectories suitable for training
generalist policies – which we call the PHYSVIVID dataset.

IV. PHYSVIVID

In this section, we discuss details of PHYSVIVID, the
physically-grounded dataset we generate using the pipeline
described above. We go over the details of the simulated
environment and the tasks in our dataset.
Simulated environment. For simulating diverse initial
conditions, we utilize a simulated environment from
SimplerEnv [55], which closely mirrors a real environment from
the BridgeData V2 dataset [13]. Specifically, we use a digital
twin of a toy sink environment that is part of pretraining mixture
of generalist policies [8], and also commonly used for evaluating
them. Our asset library comprises of over 400 object models of

cups, sourced from multiple object datasets [56], [57], [58], [59],
[60]. We use WidowX 250 arm as our robot embodiment and
a mounted third person camera is used to collect observations.
Tasks in PHYSVIVID. In total, we generate 5508 trajectories
across the following three tasks (Fig. 6) using 427 object models:
• lift: The task is to lift an object placed in the sink.
• put in rack: The toy sink environment has two

compartments: a sink and a smaller drying rack. The task
involves picking the referred object and placing it in sink.

• put in sink: The task is to pick an object from drying rack
and place it in sink. This is slightly more challenging than the
prior task as it requires finding grasps in a restricted space.

V. EXPERIMENTS

In this section, we describe the experiments we conduct to test
the effectiveness of our data generation pipeline. We primarily
attempt to answer the following questions: can finetuning
pretrained policies on our generated data improve their physical
generalization to i) varying object shapes, textures and sizes, and
ii) unseen object categories?

In Section V-A, we describe the evaluation settings used to test
physical generalization. We then present our results for physical
generalization (Section V-B) and sim2real transfer (Section V-C).

A. Evaluation settings

We use SimplerEnv [55] to conduct comprehensive evaluation
of generalist policies focusing on their physical generalization
capabilities. In particular, we study their ability to generalize
to objects of varying shapes, sizes and textures, and objects from
unseen categories. The settings we study are:
• Unseen Object Models from Seen Category: In this setting,

new object models belonging to object categories present in
PHYSVIVID (e.g., cups) are used for evaluation. Although
these object categories are already present in our dataset, the
new object models feature entirely novel shapes, textures, or
sizes (like the examples in top row of Fig. 6). We create 284
scenarios per task using 50 new object models.

• Unseen Object Category: Objects belonging to an entirely
new object category (e.g., bowls) are introduced to further
assess the policy’s generalization capabilities. Different
categories of objects have entirely different shapes (examples
in bottom row of Fig. 6), requiring novel grasping strategies
(for example, bowls are typically wider than cups). We create
254 scenarios per task using 43 object models.

B. Results for physical generalization in simulation

We evaluate our model against two main baseline policies:
OpenVLA [8] and Octo [7]. These models are pretrained
on 970k and 800k episodes respectively from the Open-X
Embodiment dataset [1] and have demonstrated zero-shot
performance on Bridge-like tasks like the ones shown in Fig. 6.
We then fine-tune an OpenVLA policy on PHYSVIVID, which
we call OpenVLA-FT (ours), and compare its performance on
physical generalization with OpenVLA and Octo out-of-the-box
(see Fig. 6). We conduct evaluations on the evaluation settings
discussed in Section V-A. Our evaluation uses 538 diverse sce-
narios for each task, involving 93 previously unseen objects, each
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Fig. 6: Physical generalization results. To test the effectiveness of models finetuned on our PHYSVIVID, we evaluate their
ability to generalize to unseen object models from seen categories (cups; top row) and unseen object categories (bowls; bottom
row). Alongside task completion rates (solid bars), we report task progress rates (patterned bars), which assign partial scores for
successfully grasping the target object. Finetuning OpenVLA [8] on PHYSVIVID (OpenVLA-FT) significantly improves task
completion rates and task progress rates on both seen and unseen object categories across all tasks.

with a unique texture and shape. The objects are randomly scaled
across episodes resulting in a height variation of 4cm-12cm. 1

We find that generalist policies like Octo [7] and OpenVLA [8]
achieve task completion rates under 11% across all tasks. These
policies are typically trained on real-world datasets having a
fixed set of objects (like small plastic cups) – causing them
to underperform on novel objects with diverse shapes, sizes
and textures, used in our evaluation settings. On finetuning
OpenVLA [8] on our physically-grounded data containing 5k+
trajectories of 400+ objects, we observe absolute improvements
of 16 − 18% for seen categories (cups) and 6 − 19% for
unseen categories (bowls) in task completion rates. These results
demonstrate that our data generation pipeline by covering a wide
range of physical interactions, can improve the generalization of
policies to unseen objects with diverse textures, shapes, and sizes.

C. Evaluations on real robot

We validate that the data generated in the simulation can in
fact be useful for real-world execution, i.e., the policies trained
on PHYSVIVID transfer reliably to a real WidowX 250 arm. We
conduct experiments for lift task with new cups (Fig. 7).
Our results demonstrate positive sim2real transfer – OpenVLA,
when fine-tuned solely on simulation data, achieves a success
rate of 70% across 20 trials (Table I) outperforming base
OpenVLA [8]. We note that we have not used any real-world
demonstrations from our setup, and the benefits solely arise
from the physically grounded data generated in simulation.

D. Analysis of data generation pipeline

We demonstrate robustness of our data generation pipeline
to noisy generations from video diffusion model and discuss

1Additional visualizations of the diverse evaluation scenarios and their corre-
sponding rollouts are available on our website: https://sites.google.
com/view/physvivid/.

Model OpenVLA OpenVLA-FT

lift 4/20 14/20

TABLE I: Real robot evaluations. OpenVLA improves at lifting
unseen cups after finetuning on simulated data.

Fig. 7: Successful lifts on real robot. OpenVLA-FT succeeds at
lifting cups of varied shapes, textures and sizes.

the amount of data needed to customize video diffusion model.
Robustness to noisy generations. The videos generated by the
video diffusion model occasionally exhibit visual inconsistencies,
such as changes in object shape or color midway through a
trajectory (Fig. 8). However, we find that our goal-conditioned
planner remains relatively robust to these imperfections.
Nevertheless, the planner still depends on the generated subgoals
to capture task-relevant cues – like grasps as in Fig. 8.
Amount of scripted data. To customize off-the-shelf video diffu-
sion models, we use a small set of scripted trajectories. The gener-
ation success rate, evaluated across 150 scenarios spanning three
tasks, remains stable even if the number of objects in the finetun-
ing data decreases from 25 to 5, dropping only slightly from 44%
to 41% – implying that trajectories on as few as 5 objects suffice.

VI. DISCUSSION

Summary. Existing real-world manipulation datasets tend
to be limited in the diversity of physical interactions, often
manipulating a limited set of objects. This work proposes
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Fig. 8: Planner’s robustness to noisy video generations.
Examples of the “Put cup in drying rack” task.

an autonomous data generation pipeline for expanding the
diversity of physical interactions. The proposed pipeline
combines motion generation capabilities of video diffusion
models with physics-based simulations. A simulator augmented
with a diverse object library is used to generate diverse initial
conditions. A video diffusion model generates video plans which
are rolled out in simulation using a goal-conditioned planner.
Using our pipeline, we generate a dataset PHYSVIVID of 5k+
physically-grounded trajectories manipulating 400+ objects.
Finetuning generalist manipulation policies on PHYSVIVID
improves their generalization to unseen objects with varying
shapes, textures, and sizes, as well as unseen object categories.
Limitations. Our work highlights the potential of video genera-
tion models for autonomous data generation; however, the scale
of our dataset and experiments remain limited, preventing full
realization of our proposed pipeline’s capabilities. Future work
could extend our approach to generate data across a broader range
of tasks, environments, physical properties, and object categories.
Our experiments primarily focus on pick-and-place tasks –
extending this approach to more dexterous tasks may be chal-
lenging, as obtaining a high-quality goal-conditioned planner for
such tasks is non-trivial. Our current experiments focus on short-
horizon pick-and-place tasks. Extending this plan-then-execute
framework to long-horizon or high-precision assembly tasks may
be challenging due to compounding errors and may require pe-
riodic replanning, which we leave for future work. Additionally,
we finetune a video diffusion model to produce physically real-
istic robot task executions. Moving forward, we hope that rapid
advancements in this space would allow us to use these models di-
rectly off-the-shelf. We believe our pipeline holds substantial po-
tential to scale and diversify datasets for training generalist poli-
cies, and this work represents a step toward realizing that vision.
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