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ROBOVERSE: Towards a Unified Platform, Dataset and
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Fig. 1: ROBOVERSE comprises a scalable simulation platform, a large-scale synthetic dataset, and unified benchmarks. The
simulation platform supports seamless integration of new tasks and demonstrations through unified protocols, ensuring flexibility
and extensibility. The dataset includes over 1,000 diverse tasks and more than 10 million transitions, constructed through
large-scale data migration, cross-embodiment transfer, and robust augmentation and randomization.

Abstract—Data scaling and standardized evaluation bench-
marks have driven significant advances in natural language
processing and computer vision. However, robotics faces unique
challenges in scaling data and establishing reliable evaluation
protocols. Collecting real-world robotic data is resource-intensive
and inefficient, while benchmarking in real-world scenarios
remains highly complex. Synthetic data and simulation offer
promising alternatives, yet existing efforts often fall short in data
quality, diversity, and benchmark standardization. To address
these challenges, we introduce ROBOVERSE, a comprehensive
framework comprising a simulation platform, a synthetic dataset,
and unified benchmarks. Our simulation platform supports
multiple simulators and robotic embodiments, enabling seamless
transitions between different environments. The synthetic dataset,
featuring high-fidelity physics and photorealistic rendering, is

constructed through multiple approaches including migration
from public datasets, policy rollout, and motion planning,
etc. enhanced by data augmentation. Additionally, we propose
unified benchmarks for imitation learning and reinforcement
learning, enabling consistent evaluation across different levels of
generalization. At the core of the simulation platform is METASIM,
an infrastructure that abstracts diverse simulation environments
into a universal interface. It restructures existing simulation
environments into a simulator-agnostic configuration system, as
well as an API aligning different simulator functionalities, such
as launching simulation environments, loading assets with initial
states, stepping the physics engine, efc. This abstraction ensures
interoperability and extensibility. Comprehensive experiments
demonstrate that ROBOVERSE enhances the performance of imi-
tation learning, reinforcement learning, and world model learning,



improving sim-to-real transfer. These results validate the reliability
of our dataset and benchmarks, establishing RoboVerse as a robust
solution for advancing simulation-assisted robot learning. Code
and dataset can be found at: https://roboverseorg.github.io/.

1. INTRODUCTION

Large-scale datasets, combined with well-established bench-
marks, have fueled rapid advancements in natural language
processing (NLP) [75, 5] and computer vision (CV) [19,
45, 43, 77, 56, 33]. Specifically, large-scale data provides
ample training examples that bolster learning, while uniform
benchmarks enable standardized evaluation and fair comparison
across different methods. However, replicating these successes
in robotics remains challenging due to the difficulty of
collecting high-quality, diverse data and the lack of widely
recognized evaluation protocols.

Real-world approaches [14, 41] to constructing datasets and
benchmarks, though authentically reflecting the complexities of
operational environments, face significant practical constraints.
First, collecting demonstrations is time-consuming and resource-
intensive, and the resulting data is often hardware-dependent
or modality-specific, limiting its adaptability to new scenarios.
Additionally, establishing standardized and widely applicable
benchmarks is inherently challenging since reproducing identi-
cal conditions for fair comparisons is nearly impossible. For
instance, object placements can vary across rollouts, ambient
lighting fluctuates under natural sunlight, and background
environments may change. Consequently, scaling real-world
datasets, evaluating policies, and iterating development in
real-world scenarios remain cost-prohibitive and difficult to
standardize.

Simulators, on the other hand, present a promising alter-
native for large-scale dataset and benchmark construction.
By providing efficient computation, synthetic assets, and
omniscient information in reproducible settings, they enable
cost-effective dataset construction and consistent performance
evaluation. Recent works, exemplified by [104, 37, 9, 27,
80, 98, 59, 48, 97, 94, 50, 51, 73], have demonstrated the
potential of simulation-based methods in various robotic tasks.
Despite these advantages, several challenges impede the broader
adoption of synthetic datasets and benchmarks. First, utilizing
simulators often demands considerable expertise due to both
the complexity of simulator design and the relative immaturity
of many platforms, which complicates the data construction
process. Second, simulators vary widely in their internal
architectures and external interfaces, making it laborious to
transfer data and models or adapt workflows from one to
another. Consequently, reusing existing synthetic datasets and
benchmarks is difficult, resulting in a fragmented ecosystem
that further hinders convenient construction and effective use
of large-scale data in simulation environments.

To fully harness the potential of simulation in robotics, we
introduce ROBOVERSE, a scalable simulation platform that
unifies existing simulators under a standardized format and a
single infrastructure, a large-scale synthetic dataset, and unified
benchmarks. To achieve this, we first propose METASIM, the

core infrastructure of the ROBOVERSE. Through careful design,
METASIM establishes a universal configuration system for
agents, objects, sensors, tasks, and physics parameters while
exposing a simulator-agnostic interface for simulation setup
and control. This architecture enables seamless integration of
tasks, assets and robot trajectories from diverse simulation en-
vironments with minimal adaptation effort. METASIM provides
three key capabilities: (1) Cross-Simulator Integration: Enables
seamless switching between different simulators, fostering uni-
fied benchmarking and facilitating the transfer of environments
and demonstrations across platforms. (2) Hybrid Simulation:
Combines the strengths of multiple simulators—such as pairing
advanced physics engines with superior renderers—to generate
scalable and high-quality synthetic data. (3) Cross-Embodiment
Transfer: Allows the retargeting of trajectories across various
robot arms with parallel grippers, maximizing dataset reuse
from heterogeneous sources.

METASIM enables ROBOVERSE to systematically enhance
the workflow for building and scaling simulation environments
and datasets. Our method features:

e Scalable and Diverse Data Generation: By aligning
multiple benchmarks and task trajectories and leveraging a
robust multi-source integration and data filtering pipeline,
we generate large-scale, high-quality datasets. Addition-
ally, our data randomization and augmentation pipeline
enhances data diversity and volume, further enriching the
dataset for comprehensive model training;

e Realistic Simulation and Rendering: With METASIM’s
hybrid simulation capability, we enable the fusion of ad-
vanced physics engines and rendering systems across mul-
tiple simulators and renderers. Combined with carefully
curated scenes, materials, and lighting assets, ROBOVERSE
enhances realism in physical interactions and sensory
observations;

o Unified Benchmarking and Evaluation: We unify widely
used benchmarks into a cohesive system, streamlining
algorithm development and performance comparison
within a structured evaluation framework. Additionally,
we introduce a standardized benchmarking protocol to
assess varying levels of generalization and sim-to-real
transferability.

o Highly Extensibility and Scalability: The aligned APIs
and infrastructure streamline development and enable
efficient algorithm integration, testing, and deployment
across diverse simulation environments. Additionally, we
develop real-to-sim frameworks, multiple teleoperation
methods, and Al-generative systems for scalable task and
data creation.

Leveraging these workflows in ROBOVERSE, we construct
the largest and most diverse high-quality synthetic dataset
and benchmark to date, all in a unified format. This dataset
includes ~500k unique, high-fidelity trajectories covering 276
task categories and ~5.5k assets. Additionally, we generate
over 50 million high-quality state transitions to support policy
learning.



Beyond dataset and benchmark construction, we explore
the potential of ROBOVERSE through extensive experiments
on imitation learning (Sec. VI-B), reinforcement learning
(Sec. VI-C), and world model learning (Sec. VI-E). Our results
demonstrate that ROBOVERSE enables reliable policy learning
and evaluation, supports strong sim-to-sim and (Sec. VI-G)
sim-to-real transfer (Sec. VI-F) via high-fidelity physics and
rendering, and facilitates efficient data expansion through
teleoperation (Sec. I'V-C), trajectory augmentation (Sec. IV-D1),
domain randomization (Sec. IV-D2) and generative models
(Sec. IV-C). These findings highlight the framework’s robust-
ness, scalability, and real-world applicability.

1I. RELATED WORK
A. Robotics Simulators

Advancements in computer graphics have contributed to
the development of high-fidelity simulators, which are widely
used in robotics research and development. CoppeliaSim [79],
Bullet [15], and MuJoCo [90] provide accurate physics sim-
ulations and are extensively utilized in applications such as
reinforcement learning and robotic benchmarking [3, 99, 71,
13]. More simulators have been developed to fully exploit
parallelism for better efficiency. Isaac Gym [60], Isaac Sim [69],
SAPIEN [30, 88], MuJoCo MJX [90, 103], and Genesis [2]
utilize GPU power for enhanced performance, enabling large-
scale reinforcement learning and efficient data collection,
significantly improving training speed and scalability. Some
simulators focus on bridging the simulation-reality gap (Sim-
to-Real Gap), incorporating technologies including ray-tracing
and customized renderers for photo-realistic rendering [69, 88].
Furthermore, Isaac Sim [69] and Genesis [2] offer high-
fidelity soft-body and liquid simulation, expanding the scope of
realistic robotic interactions. ROBOVERSE proposes a unified
platform that supports multiple simulators, facilitating seamless
transitions between them and enabling hybrid integration to
utilize the strengths of each simulator.

B. Large-Scale Robotics Dataset

The scarcity of large-scale, high-quality, and diverse datasets
in the robotics community has long been recognized. Several
works have shown the possibility of collecting demonstration
data directly on real robots. RoboNet [18] is a large-scale
manipulation dataset containing roughly 162k trajectories from
multiple robot platforms. DROID [41] has collected over
76k contact-rich robotic manipulation demonstrations across
86 tasks. RH20T [24] proposed a dataset with over 100k
demonstrations and 147 tasks. At the same time, RT-1 [4]
set the record further to 130k demonstrations on over 700
tasks. Recently, Open X-Embodiment [14] has demonstrated a
promising approach to unite the community’s efforts, collecting
over 1M trajectories on 160,266 tasks with 22 different
embodiments. At this stage, real-world datasets became difficult
to scale up due to the proportional effort and cost required to
collect more demonstrative trajectories.

Simulation-based data collection provides a promising solu-
tion to the high cost and inefficiencies of real-world datasets.

Hussing et al. [35] proposed a dataset containing 256M
transitions on 256 tasks for offline compositional reinforcement
learning. RoboCasa [67] introduced a dataset of 100 tasks
and over 100k trajectories for generalist robots. DexGraspNet-
2.0 [104] has collected over 400M demonstrations for dexterous
grasping. Despite these efforts, synthetic datasets often exist
in disparate simulators, leading to a fragmented ecosystem
with limited diversity and quality. Moreover, simulation-based
data often fails to capture complex physics and diverse task
variations found in the real world [52, 22], potentially causing
overfitting to specific simulators and hampering generalization
to real-world scenarios.

ROBOVERSE provides a unified solution for large-scale,
high-quality, and diverse synthetic data. It enables agents to
train on a large set of environments and simulators to reduce
overfitting, thereby improving the robustness of the learned
policies.

C. Benchmarking in Robotics

Benchmarking remains a critical yet highly challenging
problem in the robotics community. Compared to super-
vised learning tasks, it is relatively difficult to evaluate the
performance of a robotics model. Meta-World [102] is an
early attempt in multi-task benchmarking. This is followed
by RLBench [36], BEHAVIOR-1K [49], Habitat [§7], and
ManiSkill [66, 30, 88, 85], covering a large variety of robotic
tasks. Grutopia [95] and InfiniteWorld [78] make a leap toward
general-purpose robot benchmarking.

Despite significant efforts dedicated to these benchmarks,
it is not guaranteed that the results are reproducible across
different benchmarks. The uncertainty comes from multiple
aspects including simulation accuracy, rendering style and asset
properties [52, 22]. To address these challenges, ROBOVERSE
enables researchers to evaluate their policies across multiple
benchmarks and simulators seamlessly, without familiarizing
themselves with each one individually.

II1. INFRASTRUCTURE: METASIM
A. METASIM Overview

We present METASIM, a high-level interface above specific
simulation environment implementations. It is also the core in-
frastructure of ROBOVERSE. As illustrated in Fig. 2, METASIM
empowers the ROBOVERSE simulation platform, allowing for
the generation of a large-scale high-quality dataset, as well as
the construction of a unified benchmark.

B. METASIM Implementation

As illustrated in Fig. 3, METASIM employs a three-layer
architecture including a universal configuration system, a
simulator-agnostic interface, and a user-friendly environment
wrapper. The universal configuration system unifies specifica-
tions for a simulation scenario and ensures consistent format
across simulators. The simulator-agnostic interface interprets
these specifications, translates them into simulator-specific
commands, and therefore aligns different simulator backends. In
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Fig. 2: ROBOVERSE consists of a simulation platform, a large-
scale, high-quality dataset, and unified benchmarks. At the core
of the simulation platform is METASIM, the infrastructure of
ROBOVERSE. Powered by METASIM, the simulation platform
facilitates dataset creation and benchmark construction.

addition, the environment wrappers encapsulate the simulator-
agnostic interface into a standarized learning environment, such
as a Gym [91] environment. We describe each layer with more
details in the following sections.

1) Universal Configuration System: A typical simulation
environment comprises agents, objects, tasks, sensors, and
physics parameters. They collectively define who performs
the actions (agents), what the environment looks like (objects),
what the agents should do (tasks, including instructions, success
metrics, and rewards), how the environment is perceived and
measured (sensors), and the governing physical laws (physics
parameters). Ideally, these components should be simulator-
agnostic, requiring a unified standard of simulation scenarios.
Such a standard would enable researchers to work across
different simulators seamlessly and integrate existing efforts
from the community through cross-simulation.

Based on such a principle, we design a configuration system,
MetaConfig, to abstract simulation scenarios in a simulator-
agnostic way. As illustrated in Fig. 4, MetaConfig is a nested
class that contains the above-mentioned core components. It
can be interpreted by different simulator backends to build
the corresponding simulation. Additionally, MetaConfig
supports optional simulator-specific hyperparameters (e.g.,
solver type), allowing fully leveraging the unique features
of different simulators through customization.

2) Aligned Simulator Backends: Different simulators have
their own implementations and specializations. However, rou-
tine operations — such as initializing a scene, loading objects,
stepping the physics engine, retrieving observations, time man-
agement, and determining success states — tend to follow similar
patterns. To standardize these shared operations, we create a
unified interface through a Handler class. Each simulator
has its own handler instance implementing this interface. The
handler class implements the common methods including
launch (), get_states (), and set_states (), etc.,
spanning the whole lifecycle of simulating a task. The usage of
the APIs is illustrated in Code 1. More information is provided
in the supplementary materials.

Env:
__init_ (self, handler):
self.handler = handler
handler.launch ()

reset (self) :

handler.set_states(

states = handler.get_states()
get_observation(states), \
handler.get_extra ()

step (self, action):

handler.set_states (action=action)

handler.step ()

states = handler.get_states()
get_observation(states), \
get_reward(states), \
get_success (states) \
get_termination (states)
get_time_out (states), \
handler.get_extra ()

14 \

render (self) :
handler.render ()

close (self):
handler.close ()

Code 1: Pseudocode for gym.Env implementation. Each
method of gym.Env is implemented by calling the corre-
sponding methods of the Handler class.

3) User-Friendly Environment Wrapper: Gym [91] is a
widely adopted paradigm in reinforcement learning and
robotics, in which the gym.Env class is fundamental to
building learning environments. We define a wrapper to easily
transform a Handler into an environment equipped with Gym
APIs (step (), reset (), render (), and close ()). As
shown in Code 1, these methods are implemented by leveraging
the underlying Handler methods.

C. METASIM Capabilities

METASIM offers the following three key capabilities.

1) Cross-Simulator Integration: Seamlessly switching be-
tween different simulators, allowing tasks and trajectories
from one simulator to be utilized in other simulators. This
capability enables efficient task and trajectory integration,
unified benchmark construction, and sim-to-sim transfer for
reinforcement learning training. For example, tasks from Meta-
World [102] can be used by Isaac Gym [60] for fast parallel
training, after which the generated trajectories can be deployed
in Isaac Sim [69] for rendering.

2) Hybrid Simulation: METASIM supports combining the
physics engine of one simulator and the renderer of another
simulator at the same time, allowing users to benefit from
advantages owned by different simulators. Specifically, using a
single command, one could launch a simulator with a powerful
renderer (e.g., Isaac Sim [69]) with a simulator that has
an accurate physics engine (e.g., MuJoCo [90]) to form an
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Fig. 3: METASIM provides a universal configuration system, aligned simulator backends, and a Gym [91] environment wrapper.
This three-layer architecture abstracts simulation environments into simulator-agnostic specifications and aligns simulator
backends, enabling three key capabilities: cross-simulator integration, hybrid simulation and cross-embodiment transfer. Based
on METASIM, we build a pipeline to collect tasks, assets and trajectories from diverse public sources in a unified format,
employ data augmentation methods, and ultimately generate a large-scale high-quality dataset along with unified benchmarks.
This data pipeline forms the foundation of ROBOVERSE, facilitating the generation of large-scale datasets and construction of

unified benchmarks.
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Fig. 4: The MetaConfig is a nested dataclass that abstracts
the core components in any simulation environment in a
simulator-agnostic way.

even more powerful simulation, enabling high-quality data
generation.

3) Cross-Embodiment Transfer: Reusing the trajectories
across different gripper-based robot morphologies by retarget-
ing the end-effector pose, which allows the integration of data
collected from diverse robots into a unified format.

IV. ROBOVERSE DATASET
A. Dataset Overview

On top of METASIM, we generate large-scale high quality
dataset by incorporating multiple data collection methods.
Overall, there are three key data types to collect: tasks,
assets, and robot trajectories. The main source of these data
is migration from existing simulation environments. Beyond
migration, we explore various methods to collect these data,
such as using large language models to generate new tasks,

leveraging the real-to-sim toolset [S7] to reconstruct assets from
the real world, using teleoperation to collect new trajectories,
etc. Additionally, we leverage data augmentation methods for
both trajectories and visual observations. Finally, we report the
statistics for current progress of data migration in ROBOVERSE.

B. Tasks, Assets and Trajectories Collection: Migration

Leveraging the ROBOVERSE format and infrastructure, we
seamlessly integrate a wide range of benchmarks and datasets
into our system with a unified format and clean codebase.
We apply the following approaches to collect tasks and
demonstrations.

« Direct Migration from Other Simulation Environments
Some benchmarks provide essential components integra-
tion into ROBOVERSE. We define environment configura-
tions for task initialization and evaluation, then convert
trajectory data and asset formats for seamless compatibility.
Notably, ROBOVERSE streamlines this migration process
by first aligning formats in the original simulator and
automatically ensuring compatibility across all simulators.

« Motion Planning and RL Rollout When benchmarks
provide only partial manipulation data, such as keypoint
trajectories or grasping poses, we use motion planning to
generate complete trajectories. If no explicit manipulation
data is available but pre-existing policies or reinforcement
learning frameworks exist, we either utilize these policies
or train new ones to collect demonstration data through
rollouts. To ensure high data quality and consistency with










































