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Abstract: Robot learning research is rapidly advancing and relies heavily on
simulation tools—physics engines, simulation frameworks, and benchmarks—to
develop and evaluate algorithms faster, safer, and more cost-effectively than using
physical hardware alone. However, the recent explosion of such tools has created
a fragmented landscape, making it difficult for researchers to navigate options or
forcing them to constantly re-implement baselines. This challenge is amplified by
blurry terminology, where terms like "simulator" are used ambiguously. To address
this, our survey makes four key contributions: (1) We introduce a formal Robot
Learning Problem definition to standardize terminology and categorize existing
tools accordingly. (2) We provide a comprehensive overview of the features,
strengths, and weaknesses of current simulation tools, based on literature and
hands-on evaluation. (3) We offer guidelines for tool selection tailored to major
robot learning domains: vision manipulation, locomotion, and navigation. (4) We
introduce an accompanying open, living repository to track updates in the field.
By systematically structuring the simulation landscape, we aim to lower the entry
barrier for newcomers, reduce redundant engineering for experts, and accelerate
progress toward reproducible, general-purpose robot learning systems. Project
webpage: https://robotlearningproblem.github.io/Robot-Learning-Problem/

1 Introduction

Robot learning—the field of addressing robot control tasks using problem formulations and tools from
machine learning—is advancing at an unprecedented pace. Central to this progress are simulation
tools: virtual physics engines, simulation frameworks and benchmarks that let researchers prototype,
debug, and evaluate control policies and learning algorithms orders of magnitude faster, safer, and
more cost-effective than learning only on physical hardware. The ability to generate vast amounts
of data and test hypotheses quickly has significantly accelerated progress in the field [1, 2, 3, 4].
Well-designed simulation tools can provide the robot learning community with rich environments for
reinforcement learning [5, 6], general benchmarks for imitation learning [7, 8], enable large-scale and
diverse data generation [9, 10], and finally enable robust sim-to-real transfer for any kind of robot
platform to unstructured real-world environments [3, 11].
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In recent years, the field of robot learning has witnessed an explosion of physics engines (e.g. MuJoCo
[12], PhysX [13]), robot-learning-centric simulation frameworks (e.g. Isaac Sim/Lab [14, 15],
SAPIEN [16], Robosuite [17], Maniskill [18]), and task benchmarks (e.g. RLBench [5], Meta-
World [19], LIBERO [20]). While this growth has fueled innovation, it has also created a complex
and often fragmented landscape. Researchers face increasing difficulty in navigating the available
options, understanding their specific strengths and weaknesses, and selecting the most suitable tools
for their particular research questions. Without a clear map, newcomers struggle to choose the right
toolchain given their class of robot learning problem, and seasoned researchers spend significant
effort to constantly re-implement baselines or replicate prior work. This challenge is compounded by
inconsistent terminology within the community. Terms like "simulator" are often used ambiguously,
sometimes referring to the underlying physics engine, other times to a complete simulation framework,
or even to a specific suite of benchmarks.

To address these challenges and provide clarity to the field, this survey makes the following key
contributions: Standardised terminology by building on a formal definition of the Robot Learning
Problem (RLP), we disambiguate the terms physics engine, simulation framework, and benchmark,
and we catalogue over simulation tools accordingly. Providing guidelines for tool selection from a
comprehensive feature overview to help researchers select the most appropriate tools for their specific
research needs. In particular, we analyze the major robot learning classes (vision manipulation,
locomotion, navigation) and recommend guidelines for selecting the right tools for each class. Keep
an open, living resource to keep pace with the field, we release an open-source repository1 that keeps
track of new releases and features of the relevant tools. This repository will be continuously updated
to reflect the latest advancements in the field.

By providing a comprehensive overview of the current state of simulation tools, we aim to demystify
the current ecosystem of simulation tools for robot learning and call to action to synergize the
tools created by the community to work together to improve reproducibility and support to lift the
community’s aims to ultimately accelerate progress toward general-purpose robot learning systems.

2 Related Work

The landscape of simulation in robotics and machine learning has been surveyed from various
perspectives. However, existing surveys often differ in scope and focus. Several works have focused
on the limitations of physics engines for learning research in general [21, 22, 23, 24], where robotics
is an application of these results. Robotics-specific literature reviews have only considered robot
learning as one of many robotics research domains where software tool selection for experiments
are an important consideration [25, 26]. Although we focus on software tools, we view them in
conjunction with our formalization of the robot learning problem. Literature reviews that focus
more specifically on robot learning have been algorithmic-focused. General reviews have included
discussing general learning formulations such as reinforcement learning [27, 28], learning from
demonstrations [29], or sim-to-real transfer [30, 31]. Other algorithmic surveys are organized
by robot platforms such as manipulators [32], humanoids [33, 34], and mobile navigation robots
[35, 36, 37]. The work of [38] motivates the importance of better simulators for learning, but is not a
comprehensive review of existing tools like our paper. Our review focuses solely on robot learning
software tools that can be used to compare algorithms, such as available benchmarks and simulation
frameworks, or the underlying physics engines.

3 Robot Learning Problem

When attempting to train a robot policy, regardless of the method used for learning (i.e. Imitation
Learning, Behavioral Cloning, Reinforcement Learning, etc.), the user makes many decisions that
are relevant to the problem they are trying to solve. For example, if the user wants to train a policy
to control a single robot arm for a vision manipulation task then this robot learning problem is very

1https://github.com/robotlearningproblem/Robot-Learning-Problem

2



different from attempting to train a single model that can control multiple locomotion-based robots
across various terrains. In order to define this general set of problems, we propose the Robot Learning
Problem (RLP). A robotics practitioners face a multi-layered decision problem that goes beyond
traditional Markov Decision Problem formulation, they must simultaneously choose their robot
platform, simulation environment, task specification, and learning approach. The RLP framework
attempts to formalize these dependencies. The RLP is defined as the tuple:

< M,W,V,A,O,R > (1)
where M is the set of all robot embodiments that can be used and R is the set of reward functions in
an RLP. The reward function can also be used to model imitation learning tasks or behavior cloning.
Next, W consists of the world parameters that are separate from a given embodiment m and more
specific to the scene. Following is V the set of all possible physics engines.

With the embodiment m, reward r, world parameters w, and v physics engine chosen, the user can
now define some of the components that affect the learning process of a RLP2. These components are
the set of all possible action spaces A, and the set of possible observation spaces O. For more details
on how action and state spaces depend on the embodiment m see Appendix B.1.

The RLP formulation is flexible enough to handle many different scenarios in robotics. For example,
the set of embodiments M can include embodiments of various types (different base robot arms,
different legged robots, etc), while the set of world parameters W encompasses the parameters that
allow for the simulation to be as accurate as possible compared to the real world.

4 Simulation for Robot Learning

Figure 1: The lev-
els of simulation
in the RLP.

In this section, we go into the specifics of the instantiation of the RLP. Following
prior work that distinguishes between software tools, such as physics engine from
robot simulation framework [26, 39], rather than grouping them [25], we divide
this section into physics engines, frameworks, and robot learning benchmarks. In
many cases different terms such as physics engine, framework, or benchmark are
used interchangeably in the literature. For example, the Mujoco physics engine
is used in many different works while there are also environments within the
Mujoco name-space (HalfCheetah, Hopper, Walker and Ant). These components
are often determined from context, which can lead to confusion if a user does
not have the ability to fully grasp the context. We use the RLP to create a
clear delineation between these components, providing an effective method of
describing different robotics problem settings. Given our formal definition of
the RLP, in this section we discuss the challenges unique to several major types
of robot control problems. As part of the discussion, we propose precise definitions for the following
terms.

Physics Engine: A physics engine v is a computational software package that approximates real-
world physical interactions between objects. These engines are responsible for simulating rigid-
body dynamics, collision detection, contact mechanics, and provide basic support for visualization,
navigation primitives, and perception interfaces.

Simulation Frameworks: are software that enables the simulation of robotic morphologies m,
multiple observation types o ⊂ O, and tasks t ∼ p(·|m) by integrating a physics engine and
providing a high-level modular interface for robotics, even providing support for making basic object
in the world. These simulation frameworks can be used to define any number of Markov Decision
Processes (MDP) representing different RLPs across diverse robotics domains.

Benchmark: A specific subset of rewards r ⊂ R typically with standardized reward functions,
termination conditions, and success metrics, to facilitate the evaluation and comparison of learning
algorithms within a simulation framework and provide a Gymnasium [40] style API for learning.

2We intentionally omit the learning of a set of parameters θ to limit the scope of our work to Physics Engines,
Simulation Frameworks, and Benchmarks.
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We explicitly provide these definitions because the exact definitions for these terms have been
muddied in recent years, likely due to the lack of standard definitions of the terms. Therefore, we use
these definitions throughout this work and call on our fellow researchers to adopt these definitions as
well in order to disambiguate further research. An important acknowledgment is that the line between
these classifications can be blurred at times. Figure 2 provides a high-level summary of commonly
used systems in robot learning, grouped by our proposed definition. Arrows in the diagram indicate
primary dependency relationships. The figure omits secondary dependencies for clarity, and should
be interpreted as an illustrative, not exhaustive, map of the current simulation landscape, still there is
a very prominate number of arrows coming out of open sources physics engines which indicates the
importance of good software and community support and its impact on research growth.

Physics engines are implementations of mathematical models for modeling dynamic simulations. For
each physics engine within the set of all possible physics engines V , there are different features that
each engine supports that may shape a user to choose that engine. Mathematical approximations
of real world phenomena and implementation choices affect an engine’s speed, accuracy, and ease
of use. The beginning of this section defines qualitative considerations for choosing a physics
engine v ∼ p(V). In Table 1 we highlight a full set of important physics engine characteristics for
locomotion, navigation, and manipulation problems.

Speed and Parallelization: RLPs often require vast amounts of data that are generated most
efficiently through thousands of parallel environments [3, 41]. Engines capable of high-speed
simulation, especially those leveraging GPU acceleration for massive parallelization (like MJX [42],
PhysX [13], and Genesis [43]), are highly desirable as they allow for faster training cycles and
experiment iteration. While CPU-based engines like MuJoCo or Bullet offer high accuracy, their
speed and parallelization capabilities are limited compared to GPU-based alternatives.

Solver Stability and Accuracy: Solvers use numerical methods to enforce physical constraints like
joints and contacts. Accuracy reflects how well the solver computes the outcomes of the chosen
contact dynamics model, while stability prevents errors that corrupt data and slow simulations.
Engines utilize different solver algorithms offering distinct speed, accuracy, and stability trade-offs.
Physics engines frequently used for complex robotics, like MuJoCo (known for stable solvers [23]),
PhysX (robust, GPU-accelerated), DART (accuracy-focused solvers), and Chrono (high-fidelity
options), generally provide robust solutions. Engines like ODE face more stability challenges [23].
Accurate and stable solvers are critical, especially for manipulation tasks, as they require complex,
sensitive contacts which demand higher solver performance.[44].

Certain physics engines support manipulating world parameters w that affect the simulation dynamics.
Domain randomization commonly includes variations in surface friction, terrain roughness, robot
mass distribution, and random external disturbances within the chosen world parameters w [45, 46].

4.0.1 Locomotion considerations

The field of robot locomotion has seen rapid progress in capabilities in recent years, and most physics
engines are capable of simulating the basic dynamics of locomotion necessary for training locomotion
policies. The generation of different terrains with height fields, local sensing, and simple contact
models for feet-ground interactions are present in all engines mentioned in Table 1. Practitioners
gravitate to GPU-accelerated engines for learning agile skills, like running and parkour climbing, and
engines with high solver accuracy for precise and delicate tasks, like walking on stepping stones.

4.0.2 Manipulation Considerations

Next, we focus on some of the core engine characteristics that are critical when selecting a physics
engine v for for manipulation, with a focus on generating useful data and enabling effective learning.

Contact Dynamics Fidelity: Realistic contact simulation is essential for learning manipulation tasks
and minimizing the sim-to-real gap [47]. Inaccurate models can hinder real-world performance.
MuJoCo is particularly known for accurate contact modeling accuracy and sim-to-real success.
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PhysX is also another strong choice, offering robust, high-performance physics suitable for complex
robotics and Chrono [48] offers detailed multi-physics capabilities for high-fidelity scenarios.

Geometry Representation Speed and Stability: Physics engines represent objects using collision
shapes like simple primitives (eg: box, sphere), convex hulls, or detailed non-convex triangle meshes.
MuJoCo and MJX focus on optimized primitives and convex meshes. PhysX, Bullet, DART, and
Chrono offer broader support for non-convex meshes, which accurately represent complex object
details vital for manipulation. GPU-accelerated engines like PhysX [49, 18] and MJX [41] offer
high performance when using more complex geometry. We recommend verifying if the task requires
geometric detail of non-convex meshes or if faster convex approximations suffice.

4.0.3 Navigation considerations

Navigation planning refers to the process of computing a feasible and efficient path for a robot system.
This typically requires the robot to perceive its surroundings, localize itself within a map, and reason
about future states to minimize a given objective. From the perspective of physics engines, several
key attributes are critical for navigation-focused simulations.

Sensor support: In navigation tasks, the observation space o is generally limited to observation
spaces that provide realistic sensor data (eg, Camera, Lidar, RGB-D, IMU, GPS). The selection of a
physics engine v must allow for generating realistic sensor data as it is vital for tasks like simultaneous
localisation and mapping (SLAM), obstacle avoidance, and motion planning.

Scalability for Multi-Agent Systems: In fleet or swarm scenarios, the physics engine v must
efficiently handle multiple agents interacting in the same environment without degrading performance
or accuracy.

Dynamics

Physics Accuracy GPU 6-DoF Soft Body Contact Docs Open Sensor Multi-agent Physics Params
Engine Configurable Support Solver Source Support Scalability Support

Joint Characteristics

Mujoco [12] High ✗ ✗ ✗ No internal forces, Comprehensive ✔ Limited Limited High
Robust, (Camera,
Convergence guarantees no LiDAR)

MJX [42] Medium ✔ ✗ ✗ No internal forces, Comprehensive ✔ Limited (inherits Support Medium
Robust, MuJoCo’s model) with JAX
Convergence guarantees

Bullet [50] Medium ∼∼∼ ✔ ✔ Hard contacts Well-documented ✔ Moderate CPU bottlenecks Medium
Havok[51] Low ✗ ✔ ✔ Not strict convergence Limited documentation ✗ Very limited Limited Low
ODE [52] Low ✗ ✗ ✗ Hard contacts Partially documented ✔ Very limited Limited Medium
PhysX [13] Medium ✔ ✔ ✔ Hard contacts Well-documented ✔ Moderate High Medium
Dart [53] High ✗ ✗ ✗ Hard contacts Well-documented ✔ Good Good High
Genesis [43] Medium ✔ ✗ ✔ Partially documented ✔ Limited Moderate Medium
Chrono [48] High ✔ ✔ ✔ Hard contacts Well-documented ✔ Comprehensive Moderate High

Table 1: Comparison of features across physics engines typically used in Robot Learning

4.1 Simulation Frameworks

Simulation frameworks build on physics engines by packaging them within end-to-end toolboxes
tailored to RLPs. While physics engines focus on low-level simulation details, frameworks integrate
them with high-level modules for robot modeling, environment construction, sensor emulation, task
specification, and experiment management. Frameworks enable researchers to define robot learning
tasks for many domains without delving into the intricacies of physics solver configurations or other
low-level details. An overview of simulation framework characteristics in Table 2.

Domain Randomization Curriculum: The physics engine supports the option of utilizing domain
randomization. The framework should support various types of curricula to control the domain
randomization. The option to edit the curricula allows researchers to investigate these algorithms
to improve performance. Isaac Lab and Maniskill have custom APIs and allow changing some
physics parameters during training, as they have to be fixed when the simulation starts. MuJoCo
Playground [41] (through MJX) support changing every parameter at any time, crucially also the
terrain heightfield. The more flexible the domain randomization, the faster training can be accelerated.

Sim-to-Real: A critical challenge in robot learning is transferring policies trained in simulation to
real-world settings—commonly referred to as sim-to-real transfer. Evaluating the robustness of these
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Figure 2: Dependency graph of physics engines, simulation frameworks, and benchmarks. Arrows
indicate direct dependencies, pointing from the underlying system to the dependent one.

policies is essential, as physical deployment remains the ultimate goal for embodied intelligence. To
explore this, we analyze trends in simulation usage across locomotion, manipulation, and navigation
domains. Fig 3 shows a temporal breakdown of tool adoption from 2018 to 2024, comparing general
usage with papers that explicitly address sim-to-real transfer. For instance, most recent locomotion
papers rely on Isaac Lab[15], while other frameworks are less common for sim-to-real applications.

These trends do not necessarily indicate which simulation tools are most realistic but rather where
sim-to-real workflows are easier to set up. A tool may be favored not for accuracy but for speed or
convenience. ROS bridges for hardware-in-the-loop experiments [54] (e.g., in Gazebo) or deployment
scripts can further extend a framework’s utility beyond pure simulation. These insights can guide
researchers in selecting tools that best align with their goals and practical constraints.

4.1.1 Locomotion considerations

Simulating realistic contact is crucial for locomotion yet current models often oversimplify or relax
core physical principles [49, 50]. The fundamental challenge extends beyond these considerations;
locomotion necessitates frameworks that facilitate comprehensive evaluations across different types
of terrain variations, with domain randomization [55, 56] representing a critical functional parameter.

The development of locomotion simulation frameworks would benefit substantially from considering
the following: Contact formulation: Implementation of physically accurate hard and soft contact
dynamics promotes robustness and mitigates the gap in sim-to-real transfer. It appears that contact
formulation using Bounded Linear Complementarity Problem [50, 52] suffers from unrealistic friction
response, inaccurate sliding and contact instability in high-DoF. Whereas, contact formulation via
convex optimization with soft constraints presents a promising approach [12].

No internal forces: Contact resolution avoids introducing internal forces in closed-loop systems
(e.g., robots with multiple limbs on the ground), leading to minimal and physically consistent force
distribution. MuJoCo [12] solely offers well-posed optimization that eliminates internal forces.

6



Robustness: MuJoCo [12], Isaac Gym [49], Chrono [48] deliver stable and fast performance,
maintaining robustness across various configurations without degradation under complex scenarios.

4.1.2 Manipulation considerations

Simulation frameworks are crucial for developing and testing visual manipulation policies. Key
factors influencing the choice of framework include the fidelity of the physics simulation, simulation
speed, support for visual domain randomization, sensor simulation capabilities,

High Fidelity Rendering: The simulation’s visual appearance is a feature of the rendering engine
used and is separate from the physics engine. Rendering quality is important for policies using visual
input, especially for sim-to-real transfer. Frameworks like NVIDIA Isaac Sim, Unity, and SAPIEN
provide high-fidelity rendering options, supporting complex materials and lighting, sometimes
including ray tracing. Gazebo and CoppeliaSim [57] offer medium-fidelity.

Visual Domain Randomization: To train models that generalize across task configurations, control
over various environment variables is essential. Key variables to randomize include object properties,
camera parameters, lighting conditions, background overlays, and out-of-distribution distractors.

Rich Sensors and Modalities Support: Different methods require different modalities and sensors.
Common sensors for visual manipulation include RGB, depth, segmentation, and lidar. Gazebo
provides support for a very extensive list of sensors through its plugin system and integrates well
with ROS. NVIDIA Isaac Sim and CoppeliaSim and SAPIEN also offer robust support for common
robotics sensors. Unity and PyBullet [58] provide core sensor support (primarily RGB cameras) and
allow for custom sensor implementation requiring more work than other solutions.

4.1.3 Navigation considerations

On The Value of Tailor-Made Navigation Frameworks: Contrary to manipulation and locomotion,
navigation does not (necessarily) require high-fidelity contact or friction simulation. Basic navigation
can be achieved in any framework that supports simple motion primitives (e.g. “move forward”,
“turn”) and some form of sensory input. However, advanced navigation tasks require rich semantics,
high-quality visual modeling, and accurate sensor simulation.

Certain navigation regimes require extensive, specialized codebases that are not transferable to
other tasks. Frameworks tailored for these niche applications include SoundSpaces [59, 60] and
ThreeDWorld [61], which support high-quality audio simulation for sound-based navigation, as well
as CARLA [62], which is designed for autonomous driving simulation.

Visual Fidelity vs. Asset Diversity: Simulation frameworks typically face a tradeoff between visual
fidelity and the diversity of available assets. Due to the challenge obtaining datasets of high-quality
visuals, frameworks such as Habitat [63, 64, 65] and iGibson [66, 67] that support datasets with
photorealistic graphics such as Matterport3D [68]3, tend not to support the massive diversity found
in frameworks that target the compositionality of many different assets, such as AI2Thor [69]. Yet,
both rendering quality and task diversity are important for navigation methods, so the practitioner
should choose frameworks carefully—or evaluate across both types when possible.

4.2 Benchmarks

Robot learning benchmarks are suites of tasks and evaluation protocols—each defined with fixed
reward functions, termination conditions, and success metrics—to rigorously assess and compare
the performance of different algorithms in a reproducible manner. The line between a benchmark
and a framework can sometimes be blurred, especially when benchmarks are tightly coupled with
specific frameworks or physics engines. Nevertheless, their function remains crucial: to standardize
evaluation and drive progress by allowing researchers to measure advancements against established
standards. In Table 3 we outline some of the features that are present in various benchmarks.

3See subsubsection 4.2.3 for further discussion on high-visual-quality datasets for Habitat.
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Interoperability with Learning ✔ ✔ ✔ ∼∼∼ ✗ ✔ ✔ ✔ ✔ ✔ ✔ ∼∼∼
Frameworks
Domain Randomization ∼∼∼ ∼∼∼ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✔ ✗
Curriculum
Visual Domain Randomization ✔ ✔ ✗ ✗ ✗ ✔ ✔ ✔ ∼∼∼ ✗ ✗ ∼∼∼
High Fidelity Rendering ✔ ✔ ✔ ✗ ✗ ✔ ✔ ∼∼∼ ✔ ✔ ✗ ✗
Support
Sim-to-Real Track Record ✔ ✔ ✗ ∼∼∼ ∼∼∼ ✗ ∼∼∼ ∼∼∼ ∼∼∼ ✗ ✗ ✔
Locomotion Support ✔ ✔ ∼∼∼ ∼∼∼ ∼∼∼ ✗ ✗ ✗ ✗ ∼∼∼ ✔ ✔
Manipulation Support ✔ ✔ ∼∼∼ ✔ ∼∼∼ ✗ ✗ ✗ ✔ ✔ ✔ ✔
Navigation Support ∼∼∼ ∼∼∼ ✔ ∼∼∼ ✔ ✔ ✔ ✔ ✗ ✔ ✗ ∼∼∼

Table 2: Comparison of Simulation Frameworks for Robot Learning

4.2.1 Locomotion considerations

In locomotion tasks, the diversity of tasks is of particular importance as the community improves
results over current benchmarks [6, 7]. A benchmark should include a variety of locomotion tasks,
such as walking, running, and climbing on varied terrains (flat, inclined, stepping stones, deformable
ground) with different embodiments to ensure comprehensive evaluation across the different scenarios.

4.2.2 Manipulation considerations

There are a wide range of manipulation benchmarks: Meta-World & RLBench offer short-horizon
manipulation tasks, while LIBERO and CALVIN [72] focus on long-horizon, compositional tasks,
RoboHive provides complex tasks, and ManiSkill provides a smaller set of tasks but some with
greater difficulty. Each benchmark targets a specific type of manipulation task(s).

Visual Robustness Evaluation: This assesses how well policies generalize to visual changes, often
tested via domain randomization integrated into the benchmark’s tasks. The Colosseum [73] applies
systematic visual perturbations across 20 RLBench tasks, DMC-GB/GB2 and DMC-VB introduce
specific visual distractors, RL-ViGen [74] tests variations in appearance, lighting, and camera views
but its setup can be less straightforward and much trickier. Benchmarks like ManiSkill and RLBench
leverage simulation frameworks and physics engines with strong rendering and randomization
capabilities, allowing for implicit tests of visual robustness depending on the task setup.

4.2.3 Navigation considerations

Diversity of Navigation Tasks: In navigation simulation frameworks, there exists a tradeoff between
photorealism and task diversity, so different benchmarks will focus on one or the other. The AI2Thor
simulation framework embraces task diversity, and supports, among others, two interesting suites of
tasks: ProcThor is a procedural generation method for AI2Thor scenes, and Holodeck is a method
for generating novel scenes using LLM queries applied to the Objaverse dataset (a dataset of 10
million 3D assets). In contrast, Habitat support specific datasets with very high quality visuals such
as Matterport3D, Replica, Gibson. We report larger categories of navigation tasks that have been
used to benchmark navigation methods in Table 4.

5 Conclusion

In this work, we have provided a survey of the rapidly growing space of physics engines, frameworks,
and benchmarks for robot learning. Many of these pieces of software have been custom-designed for
specific robotics applications, which limits their use. For example, the coupling between frameworks
and specific learning libraries greatly reduces the reproducibility of robot learning methods, and
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Benchmark Domains Reward Environment Sim2Real Visual Diversity
Supported Diversity Complexity Robustness of Tasks

Mujoco Playground [41] Manipulation, Locomotion ∼∼∼ ✗ ∼∼∼ ∼∼∼ ∼∼∼
DeepMind Control [75] Locomotion ✗ ✗ ✗ ✗ ✗
OGBench [76] Manipulation ∼∼∼ ✗ ✗ ∼∼∼ ✔
RoboHive [77] Manipulation, Locomotion ✔ ✔ ✔ ∼∼∼ ✔
Meta-World [19] Manipulation ✔ ∼∼∼ ∼∼∼ ∼∼∼ ✔
RlBench [5] Manipulation ✔ ✔ ✔ ✔ ✔
ManiSkill [18] Manipulation ✔ ✔ ∼∼∼ ✔ ✔
DMC-VB [78] Manipulation ∼∼∼ ✗ ✗ ∼∼∼ ∼∼∼
DMC-GB2 [79] Manipulation, Locomotion ∼∼∼ ✗ ✗ ∼∼∼ ∼∼∼
VD4RL [80] Manipulation ∼∼∼ ∼∼∼ ✗ ✔ ∼∼∼
RL-ViGen [74] Manipulation ∼∼∼ ∼∼∼ ✗ ✔ ✔
CALVIN [72] Manipulation ✔ ✔ ✔ ✔ ✔
Colosseum [73] Manipulation ∼∼∼ ∼∼∼ ∼∼∼ ∼∼∼ ∼∼∼
HumanoidBench [6] Manipulation, Locomotion ✗ ✔ ✗ ✔ ✔
LocoMuJoCo [7] Locomotion ✔ ✗ ∼∼∼ ✗ ✔
Habitat Challenge [81, 82, 83] Navigation ✔ ✔ ✔ ✔ ∼∼∼

Table 3: Benchmarks Considerations

this work suggests that, to improve progress in the community, additional effort is needed to build
common frameworks. Overall, the analysis provides a guide to new and experienced robot learning
practitioners for choosing a library to begin their robot learning research. We suggest that future
designers working at all levels of simulation consider the features above and work to reduce duplicated
work in creating benchmarks.

Limitations This survey covers recent methods that are very particular for the robotics community.
Many other simulation tools exist, for example, for medical simulation, but they were not covered in
this work. This survey should be accurate up to the date it was submitted. It is possible that features
are added after submission. This is why we will work to keep a community-supported live webpage
where people can commit updates.
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Appendix

Extended details on the survey.

A Contributions

E.D., N.B., and R.M. contributed to the paper organization, with E.D. reviewing and condensing the
paper to meet page limits, N.B. writing most of the abstract and introduction, and R.M. handling
overall writing, editing, and organization. R.M., M.P., and M.G. produced the technical framework
of the paper, where R.M. expanded the robot learning framework and proposed the three-category
organization of physics engines, frameworks, and benchmarks, while M.P. and M.G. created the
robot learning problem outline and co-defined MDP formulations for each simulator. M.P. and
M.G. conducted the comprehensive literature review and taxonomy development, systematically
reviewing robot benchmark papers and analyzing task representations across existing benchmarks.
Domain-specific analysis was divided among team members: E.D., N.B., and M.G. focused on
locomotion considerations, with N.B. conducting speed tests across simulators and M.G. authoring
the locomotion considerations section; A.B. and A.K. handled all manipulation-related sections,
with A.B. as the primary author and A.K. providing expertise and proofreading; V.S.V., C.G., and
M.S.R. contributed to navigation analysis, with V.S.V. focusing on navigation planning requirements
and sensor analysis while C.G. and M.S.R. co-wrote navigation subsections. Data compilation and
visualization efforts were led by E.D. who created the main figures and assembled tables, with
contributions from A.B. on manipulation-focused figures, O.A. on table completion, and V.S.V. on
benchmark table entries. L.P, J.P, Gio.Bel., and Gl.Ber. advised on the project.

B Robot Learning Problem Details

B.1 Action and State Spaces depend on Morphologoies

These components directly influence the type of algorithm that can be used for the learning of the
RLP. Firstly, the choice of action space a depends on the embodiment m and the selected task(s) t.
The action space a for a Franka robot could be the set of velocities and that are applied to each joint of
the arm, or it could be the directional choice for a navigational robot in combination with the desired
displacement. Thus the choice of action space is formalized as a ∼ p(·|m, t). Next, the observation
space can be chosen for the problem. In robot learning problems there are a few choices of observation
space the user can choose from. When selecting an observation space o ∼ P (·|m, t, v), the user can
use environment state-vectors, RGB pixel values, and/or sensors. This choice of observation space
is tied to the choice of embodiment m, chosen task t, and the physics engine v as not all physics
engines will support all types of sensors. We do note that we frame the choice of action space and
observation space as a probability distribution to capture how the choices of task, embodiment, and
physics engine also influence this choice. In designing the RLP, we found that to be complete we
needed to handle the situation where for the same embodiment and task, it can be possible to define
the problem with unique configurations. Here, the use of probability notation reflects that for some
problem setting, multiple valid parameterizations exist. The distribution captures this choice space,
not randomness.

B.2 Simulator choice affects RLP

After selecting the embodiment m and reward r for their respective problem, the user must select
a physics engine v from the set of all possible physics engines V . There is an ever-growing list of
possible physics engines to use, each with their own pros and cons. We postulate that this choice of
physics engine is dependent on the task t, embodiment m, and the ability of a physics engine v ∈ V
to modify the world parameters w ∼ p(W). These world parameters W introduce the ability for the
user to define their exact environment settings, such as: gravity, friction, wind resistance, or system
noise. Thus, the user may attempt to choose a physics engine through the following process. First
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the user identifies the set of world parameters that each physics engine supports wv ⊆ W . Next, the
user must identify the set of world parameters that are needed for their chosen task wt ⊆ W . Once
the world parameters of the physics engine wv and task wt are chosen, the user can select a physics
engine v ∼ p(v|t,m,Wv ⊇ Wt). Finally, the user can also select the required world parameters
w p(w|v, t,m) where w ∈ Wv ∩Wt. The world parameters w chosen for the users specific problem
affect the dynamics of the overall system p(si+1|si, ai, t,m,w, v), where the current state si and
action ai at timestep i influence the outcome of the next state si+1, in addition to the current task(s) t,
embodiment m, world parameters w, and simulator v. We formulate the dynamics of a system being
affected by each of these various components due to the decision-making that goes into selecting the
simulator v and world parameters w. Due to not all simulators being able to effectively simulate all
phenomena that we may require, the choice of task influences the choice of simulator. For a single
simulator may not be able to handle one task that requires simulating contacts between rigid bodies
compared to another task that requires simulating soft contacts.

B.3 Applications of the Robot Learning Framework

Given the broad definition of the robot learning problem, we re-frame a number of existing classes of
learning problems and the relevant components to the general formulation that have been considered
in the robot learning community.

In addition to the groupings that we provide for various robot learning problems, our RLP framework
can also be used to effectively group various works in the multi-task robot learning literature. In
general, there are three different strains of multi-task robot learning research, where the definition of
a task is modified slightly: cross embodiment learning, domain randomization, and task specification.
In the cross embodiment setting, the distribution of embodiments p(M) that an embodiment can
sample from includes more than one robot type. For example this line of research aims to control
multiple types of robots where the embodiment distribution p(M) may include quadruped, humanoid,
and hexapod legged robots, either in simulation or the physical world [84, 85, 86, 11].

Next, the domain randomization setting can also be posed as a multi-task learning problem. In
this problem setting the choice of world parameters w and physics engine v affect the ability for
a single robotic policy to be learned, and learning across various configurations of state transition
dynamics can be framed as a multi-task problem. For example Campanaro et al. [87] & Peng et al.
[88] inject noise into the training process to perturb system dynamics, effectively forcing their model
to learn multiple sets of dynamics, which can then generalize well to unseen sets of dynamics during
evaluation on real-world hardware after being trained entirely in simulation.

Finally, the task specifications problem setting is likely the most ’traditional’ multi-task learning
setting. In this problem setting there are any number of unique tasks in the task distribution t ∼
p(·|m, T ) that a single policy must learn to accomplish. In this setting, the choice of embodiment
m is generally limited to a single choice of m. This framing of the RLP fits benchmarks such as
Meta-World [19], and the works that use these benchmarks [89, 90]. There are also some works that
don’t necessarily fit into a single category and cross over between axes of the RLP. For example some
works have explored learning representations over multiple morphologies mi ∼ p(M) where i is the
index of the ith morphology chosen, across a mix of tasks tj ∼ p(·|mi), where j is the index of the
jth task chosen for morphology mi. Several works can be framed using our RLP with this extension,
with the goal of learning a single policy across multiple morphologies and/or tasks[84, 91, 92, 93].

B.3.1 Navigation considerations

Navigation planning refers to the process of computing a feasible and efficient path for a robotic
system to move through an environment while achieving high reward r. This typically requires the
robot to perceive its surroundings, localize itself within a map, and reason about future states to
minimize a given objective—such as distance traveled, energy consumed, or risk encountered.

From the perspective of physics engines, several key attributes are critical for navigation-focused
simulations:
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1. Sensor support: In navigation tasks, the observation space o is generally limited to observa-
tion spaces that provide realistic sensor data (eg, Camera, Lidar, RGB-D, IMU, GPS). The
selection of a physics engine v must allow for generating realistic sensor data as it is vital
for tasks like Simultaneous Localisation and Mapping (SLAM), Obstacle avoidance, and
motion planning.

2. Kinematic and Dynamic Fidelity: The chosen physics engine v must accurately model
robot motion across various locomotion embodiments m —including differential drive,
skid-steering, and legged locomotion—to ensure that planned trajectories correspond to
feasible real-world movements.

3. Environmental Interactions: The ability to manipulate world parameters w allows the
phsyics engine to model various properties such as friction, elevation, deformability, and
slippage. This enables realistic testing of navigation in both structured and unstructured
terrains.

4. Real-Time and Deterministic Execution: For real-time applications such as onboard
navigation systems or hardware-in-the-loop testing, the choice of physics engine v should
maintain low-overheads to accelerate performance and deterministic execution to maintain
timing guarantees.

5. Collision Detection and Contact Modeling: A physics engine v must enable robust and
accurate contact modeling. This helps in testing realistic collision-avoidance and recov-
ery strategies. Fine-grained collision detection between robot components and obstacles
contributes to reliable safety evaluation.

6. Scalability for Multi-Agent Systems: In scenarios involving fleets of robots or swarm
navigation, the physics engine v must handle multiple agents interacting within the same
environment efficiently without degrading performance.

Physics engines allow agents to learn robust navigation policies transferable to the real-world. When
choosing an engine, we recommend prioritizing the following features:

Holonomic Constraints: A physics engine v uses holonomic (joint) constraints to model the coupling
between two rigid parts, limiting the effective degrees of freedom of the embodiment. Engines with
standard and configurable joints support a larger set of robot embodiments, M, that are not limited
to wheeled robots. For wheeled robots, Bullet [50] and PhysX [13] offer good customization and
speed, while MuJoCo [12] handles custom morphologies better, providing higher accuracy and
composite joints at the cost of speed. MJX [42] strikes a balance between accuracy and speed.
Self-driving applications typically rely on Chrono [48] and Chaos [94] for advanced simulation of
vehicle dynamics. Field robotics applications generally tend to use Gazebo [71] and its underlying
physics engine DART [53] due to its support for accurate simulation of environmental interactions.

Collision & Contact Dynamics: Accurate and fast collision dynamics are fundamental for navigation
applications. Without them, embodied agents cannot accurately represent real-world dynamics. The
main tradeoff in selecting a physics engine is speed versus accuracy. For simple embodiments, it
suffices to have optimized primitives to handle collisions, but as the embodiment complexity increases,
more accurate mesh representations are required, as discussed in 4.0.2. Similarly, the fidelity of
contact dynamics is crucial for navigation tasks, as it directly impacts the set of world dynamics W
the agent will be exposed to. For an outline of physics engines for contact dynamics, see 4.0.2. When
selecting a physics engine, we recommend assessing the complexity of the embodiment and the level
of accuracy needed to model the dynamics of the agent and the world.

C Additional Simulation Framework Considerations

Interoperability with Learning Frameworks Table 2: In order to learn the robotic control policy
parameters θ, a simulation framework should support integration of a machine learning library. There
are many libraries to choose from such as Stable Baselines3 [95], rsl-rl [3]) or flexible implementations
of RL algorithms like Proximal Policy Optimization (PPO) [96].

19



Figure 3: The top row illustrates usage in purely simulated settings—without explicit sim-to-real
intent—for locomotion, manipulation, and navigation tasks. The bottom row highlights studies that
explicitly mention sim-to-real transfer. Data represent approximated values, collected via keyword-
based Google Scholar queries (e.g., "simulator name", "robot", "learning", "sim-to-real"). Simulators
with low overall relevance or limited domain-specific usage were excluded for clarity.

Visual Domain Randomization (VDR) Table 2: Common types of visual randomization include
being able to change at least the following properties of the scene during simulation : camera (position,
orientation, focal length, sensor size), lighting (direction, intensity, brightness, color, number of
lights), textures and materials, objects (color, size, position), scene composition, rendering effects
(different quality settings), being able to load distracting objects (out-of-distribution objects), static
overlay (eg: changing the background to a fixed image) and dynamic overlay (eg: changing the
background to a video). These variations are fundamental for training robust visual policies, and
different frameworks offer varying levels of built-in support.

Isaac Sim (often via Isaac Lab) provides extensive, integrated support for adding distracting
objects to the scene, randomizing cameras, lighting, PBR materials/textures, and object properties
through configuration files and APIs. It supports nearly all common visual randomization features
mentioned earlier, however dynamic video overlays might be more challenging to achieve. The
SAPIEN simulator (used by Maniskill) [16] also offers strong programmatic control over visual
randomization, including similar support to what NVIDIA Isaac Sim offers. Implementing dynamic
overlays would also require custom work here. Other frameworks require more programmatic effort
for extensive randomization. PyBullet offers Python APIs to change visual properties like colors,
textures, lighting, and camera parameters, making randomization scriptable but less integrated and it
does not support all VDR features.

Modularity and Abstractions: In order to enable effective research, many components of a research
project should be modular and leverage abstractions to ensure clean coding practices. Abstracting
away details allows for better code reuse and reproducibility. For example, Peng et al. [97] includes a
number of wrappers to perform state filtering, history stacking, or action delays. These wrappers are
now open-sourced which enables researchers to use and combine these wrappers into their own works.
However, these features are not abstract enough to be applied to any physics engine. Frameworks
should include modular components for task definitions, action and observation spaces, terrains
and obstacles, to facilitate rapid task design and experimentation. Isaac Lab and Maniskill provide
modular and user-friendly APIs allowing easy swapping of terrain generators, robot models, or reward
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Table 4: Navigation Benchmark Tasks
Task Description Notable Simulators
PointNav, ImageNav,
ObjectNav

Nav. to a position/image/object. Habitat, AI2Thor, Mi-
nos, iGibson

Audio Goal Nav Nav. to an audio source, or nav. using audio infor-
mation

SoundSpaces, ThreeD-
World

Mapping Build a map (e.g., using SLAM methods) Habitat, Minos, Gazebo
Exploration Maximize environment coverage in a given amount

of time
UAVSim[98, 99],
Gazebo

Autonomous Driving Nav. while obeying safety constraints and road
signage, etc.

Carla[62],
Waymax[100]

functions, while MuJoCo Playground is more rigid and Gazebo provides no custom APIs for many
components necessary in locomotion tasks.

D Additional Benchmark Considerations

Reward Diversity: R refers to the flexibility user’s can specify different functions r : M×W ×
S × A → R that encode a meaningful signal to accomplish different tasks. This is different from
simply specifying a task which we claim can be simplified as having been accomplished or not. This
is exactly the same as a sparse reward function. For a given task, there may be a number of ways of
writing a dense function r that are useful learning signals associated with task success (the ultimate
goal).

Environment Complexity: Similar to the forward model M a benchmark provides environments
with varying levels of complexity, including obstacles, terrain variations, and dynamic elements. This
complexity is crucial for evaluating the robustness and adaptability of locomotion algorithms.

Sim-to-Real Relevance: The benchmark should be designed with sim-to-real transfer in mind,
ensuring that the tasks and environments are relevant to real-world scenarios. This may involve using
realistic physics engines, accurate robot models, and domain randomization techniques.
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