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Navigation and manipulation are core capabilities in Embodied Al, yet training agents with these capabilities in the real
world faces high costs and time complexity. Therefore, sim-to-real transfer has emerged as a key approach, yet the sim-to-real
gap persists. This survey examines how physics simulators address this gap by analyzing their properties overlooked in
previous surveys. We also analyze their features for navigation and manipulation tasks, along with hardware requirements.
Additionally, we offer a resource with benchmark datasets, metrics, simulation platforms, and cutting-edge methods—such as
world models and geometric equivariance—to help researchers select suitable tools while accounting for hardware constraints.
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1 Introduction

Embodied AI (EAI) involves agents like robots interacting with physical environments through sensors and
actions. Navigation and manipulation are central capabilities of EAI for most modern robotic applications. These
tasks require agents to perceive, understand, and interact with their environment. Recent advances in Artificial
Intelligence have made learning-based methods—such as Reinforcement Learning (RL) and Imitation Learning
(IL)—highly promising for training navigation and manipulation agents. Nevertheless, collecting real-world data
to train such agents is prohibitively expensive, especially when accounting for diverse embodiments—variations
in robot designs or sensors. Simulators address this issue by providing a cost-effective and scalable solution,
enabling the training of robots on large and diverse datasets with efficiency. These agents are deployed in
real-world settings through sim-to-real transfer, a process in which agents trained in simulation are adapted for
real-world deployment [185, 196]. However, the sim-to-real approach encounters the sim-to-real gap. This gap
arises from discrepancies between simulated and real-world environments, including physical dynamics—such as
friction, collisions, and fluid behavior—and visual rendering, including lighting and camera exposure. Advanced
simulators, such as the differentiable and highly realistic Genesis [6], narrow this gap. They achieve this through
precise physics modeling and photorealistic rendering, thereby increasing the transferability of agents trained
in simulation to real-world robots. This survey provides a comprehensive overview of recent advancements
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in robotic navigation and manipulation in Embodied Al highlighting the role of physics simulators. It offers
detailed insights into the functional properties of simulators, alongside an analysis of associated tasks, datasets,
evaluation metrics, and cutting-edge methodologies. This equips researchers with insights to select tools tailored
to their needs.
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Fig. 1. Timeline illustrating the evolution of navigation (top) and manipulation (bottom) research in Embodied Al from
2019 onward. It highlights key methodologies—including Explicit and Latent memory, Foundation Model, World Model,
Reinforcement Learning (RL), Imitation Learning (IL), Diffusion Policy (DP), and Vision-Language-Action (VLA) approaches—
and benchmark datasets. Benchmarks provide a foundation for training and evaluating agents, and the introduction of new
benchmarks often inspires innovative methods, which together advance the field.

As illustrated in Figure 1, navigation and manipulation have undergone rapid advancements since 2019. Both
areas have seen significant progress, driven by a growing interest in data-driven approaches. The evolution
in navigation and manipulation accelerated between 2020 and 2022. The introduction of large-scale datasets
[42, 44, 92, 100, 118, 147, 149, 181], including those with extensive demonstration data, enabled better model
generalization through imitation learning [49, 58, 94, 122, 186]. From 2022 onward, the rise of foundation models
[201, 205], world models [2, 9], and Vision-Language-Action (VLA) models [15, 31, 210] marked another leap.

In navigation, techniques increasingly adopt implicit memory such as latent representation-based memory
[61, 82, 112, 156, 209], foundation models [201, 205], and world models [2, 9]. These advancements are supported
by internet-scale training data and large-scale navigation datasets such as iGibson [92, 147], ALFRED [149],
and Habitat-Matterport 3D Semantics [181], which set the foundation for generalist navigation agents that are
capable of handling diverse environments with minimal task-specific adjustments.
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Meanwhile, manipulation methods have progressed significantly from early Reinforcement Learning (RL)-based
methods [120, 121, 125, 153] to Imitation Learning (IL) [8, 47, 122, 173], diffusion policies (DPs) [26], and VLA
models [15, 31, 210]. The introduction of large-scale datasets between 2020 and 2022, including GraspNet-1Billion
[42, 44], ManiSkill [118], and SoftGym [100], enabled manipulation agents to achieve better generalization through
pre-training on large-scale datasets across different tasks. From 2023 to 2025, VLA models such as RT-2 [210] and
RT-X [31] integrated vision, language, and action, enabling more complex manipulation in multimodal contexts.
This evolution—from RL to IL, DP, and VLA—reflects a move toward data-rich, multimodal strategies, supporting
the development of generalist models that can handle multimodal inputs, including language and images, and
adapt to diverse manipulation scenarios without task-specific retraining.
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Fig. 2. A taxonomy of this survey, focusing on two main tasks of Embodied Al: Navigation and Manipulation. We discuss the
components of each task, including tasks, simulators, datasets, evaluation metrics, and methods. For each component, we
further divide into different types to structure the analysis.

Earlier surveys, such as those by Hwang et al. [70], Yasuda et al. [190], Duan et al. [40] and Zhu et al. [208],
were conducted before the emergence of Large Language Models (LLMs) and World Models, and thus do not
reflect the recent breakthroughs in the field. Liu et al. [107] provide a broad overview of EA], yet their analysis
lacks depth in navigation and manipulation tasks. Similarly, works by Xu et al. [179], Ma et al. [111], and Yang et
al. [32] focus on specific methodologies, such as foundation models, without offering a comprehensive, high-level
analysis from the perspective of EAI centered on these two core tasks. Zheng et al. [204] focus on manipulation
methods but overlook the impact of modern simulator advancements, such as differentiable physics simulators
that effectively narrow the physics sim-to-real gap aspect of our survey examines in detail. Furthermore, we
classify representation learning based on 3D spatial granularity, linking it to task complexity and simulator
selection, and provide an in-depth exploration of recent advancements in geometric equivariant representations.

Given the rapid growth of EAIL a comprehensive survey is essential to consolidate these advancements
and provide a structured overview. This paper presents a detailed exploration of EAI focusing on navigation,
manipulation, and the physics simulators designed to support them, as outlined in Figure 2. We examine the
associated tasks, simulators, datasets, evaluation metrics, and methodologies, creating a comprehensive resource
for researchers and engineers. This survey facilitates the selection of simulators, benchmark datasets, and
methodologies that align with hardware capabilities and research goals, thereby advancing the development of
navigation and manipulation agents in EAI
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2 Navigation

Navigation is an important capability of Embodied Al agents, enabling their deployment in diverse real-world
applications, including autonomous vehicles [63], personal assistants [34], rescue robots [207], and more. However,
training these agents directly in the real world poses significant challenges, including high costs, time limitations,
safety risks, the overhead of setting up environments, and difficulties in gathering large-scale training data. To
overcome these challenges, sim-to-real transfer has become a popular approach. However, successful sim-to-real
transfer requires addressing two key challenges. The first is visual sim-to-real gap: The camera sensors in
simulators must render photorealistic images to ensure that the perception module of agents trained in the
simulator is adaptable to real-world visual observations. The second is physics sim-to-real gap: Real-world
environments contain uneven terrains, and navigating in those places requires robots to possess robust locomotion
capabilities. To develop these capabilities within simulators, physics engines must accurately replicate collision
dynamics and provide realistic feedback to the proprioceptive sensors of the robots. This ensures that locomotion
control policies trained in simulation can adapt seamlessly to real-world physical constraints, resulting in reliable
performance when deployed.
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Fig. 3. This diagram outlines the four key steps in navigation tasks—Perception, Memory Building, Decision-Making, and
Action Execution—along with the two sim-to-real challenges of visual rendering and physical dynamics. Navigation tasks are
categorized into goal-driven (e.g., PointNav, ImageNav, ObjectNav) and task-driven (e.g., EQA [35], VLN [4]). The memory
can be categorized into explicit memory and implicit memory.

In Figure 3, we present a detailed breakdown of the agent navigation process in simulators, highlighting the
four key steps and showing how the sim-to-real challenges emerge. These steps are:
(1) Perception. Agents perceive their surroundings through sensory data, such as images or point clouds,
rendered by the simulator. This step directly encounters the visual sim-to-real gap. For effective real-world
deployment, the simulated sensor outputs should closely match real-world data. In addition to the visual sim-to-
real gap, real-world navigation often involves partial observability, limiting agents to perceiving only local parts
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of the environment at each time step, such as their immediate surroundings. Therefore, agents must explore and
accumulate these local observations over time, thereby constructing a global memory of the environment.

(2) Memory Building. Due to partial observability, agents must construct and maintain a global memory of the
environment. Traditionally, this has relied on Explicit Memories, including:

e Metric Map-based Memory, which provides precise spatial layouts (e.g., occupancy grids [157] as
illustrated in Figure 3) for tasks requiring fine-grained navigation action control and obstacle avoidance.

e Graph-based memory, which represents the environment as nodes and edges (e.g., topological maps
[141] as illustrated in Figure 3) for high-level planning with coarser granularity.

Data-driven methods, such as those utilizing imitation learning from large-scale expert navigation demonstration
datasets, allow agents to navigate without maintaining an explicit data structure to store historical observations.
These agents use Implicit Memories to decide actions, which are classified into three types:

e Latent Representation-based, which involves storing latent embeddings that encode historical obser-
vations and instructions, and using them to plan future actions.

¢ Foundation Model-based, which involves leveraging large pre-trained models such as Large Language
Models (LLMs) or Vision-Language Models (VLMs) to encode scenes and language instructions as tokens,
and using their extensive pre-trained knowledge to reason about navigation steps [201, 205].

e World Model-based, which involves learning a model of the environmental dynamics to predict future
states, such as video sequences, based on current states and actions, and aiding in planning and navigation
guidance [9].

(3) Decision Making. Using their memory, agents plan actions to achieve specific objectives. This process splits
into two key types:

e Goal-driven navigation, where agents target specific locations (e.g., a point in Point-Goal Navigation,
an image in Image-Goal Navigation, or an object in Object-Goal Navigation).

e Task-driven navigation, where agents follow textual instructions (e.g., answering questions in Embodied
Question Answering (EQA) [35], executing language-based directives in Vision-and-Language Navigation
(VLN) [4], or navigating from dialogue in Cooperative Vision-and-Dialog Navigation (CVDN) [164]).

(4) Action Execution. Finally, agents execute movements in the simulated environment. When training agents
with locomotion capability, successful sim-to-real transfer requires the simulator to accurately replicate real-world
physics, ensuring that control commands effective in the simulation also function seamlessly in reality. Conse-
quently, simulators must address the physics sim-to-real gap by realistically simulating physical interactions,
such as collisions on uneven terrains, and friction on various surfaces, like smooth ice or rough concrete.
Following the detailed breakdown of the navigation process, Figure 4 provides a demonstration of these steps
within a simulated environment. Specifically, in (a), the first-person camera view showcases Perception with
photorealistic rendering, such as realistic outdoor light near the glass doors, accurate camera exposure, and
detailed indoor shadows, narrowing the visual sim-to-real gap. This view also highlights the challenge of partial
observability, as the robot perceives only its immediate surroundings and must incrementally build a global
memory of the environment. In (b), the occupancy map exemplifies Explicit Memory Building by offering a spatial
representation of free and occupied areas, which the wheeled robot uses to plan its path and avoid obstacles.
Finally, in (c), the robot executes its planned path through the hallway, demonstrating Action Execution.

2.1 Simulators

Modern navigation simulators can be broadly grouped into three categories based on the scalability of en-
vironments they support: Indoor simulators are often tailored for structured, smaller-scale settings, such
as homes, to support applications like personal assistants; Outdoor simulators are designed for large-scale,
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Fig. 4. lllustration of navigation tasks in embodied agents. (a) The first-person camera view of the robot in an indoor
environment, highlighting partial observability challenges. (b) An occupancy map used for planning and model building,
showing free (white) and occupied (gray) spaces with a goal pose (green arrow). (c) A simulated environment with a robotic
agent navigating a hallway.

dynamic outdoor environments, often used for autonomous vehicles; and General-purpose simulators can
be customized for both indoor/outdoor settings. The scale of environments supported by these simulators can
influence the selection of navigation tasks and the design of navigation agents. For example, explicit memory
may suffice for smaller-scale indoor settings rendered by indoor simulators, whereas world models might be
needed for managing large-scale, open-world environments provided by outdoor simulators. Moreover, as noted
in section 2, simulators must address two critical sim-to-real challenges—visual sim-to-real gap and physics
sim-to-real gap — to enable effective real-world deployment. Therefore, this section presents an in-depth analysis
of these simulators, exploring their physical properties and how they mitigate these sim-to-real challenges. Table
2 provides a detailed feature comparison of navigation simulators, which evaluates key aspects such as physics
engines, rendering methods, supported dynamics, and compatibility with reinforcement learning frameworks.
Figure 5 further displays the environments in these simulators, arranged from left to right: Habitat [114, 132, 161],
AI2-THOR [87], CARLA [38], AirSim [146], ThreeDWorld [51], and Isaac Sim [124], highlighting their visual
rendering abilities. This analysis offers researchers a comprehensive guide for selecting simulators tailored to
specific navigation tasks and evaluating their abilities to bridge sim-to-real gaps.

Indoor Simulators. Indoor simulators cater to structured, small-scale environments, making them suitable for
developing applications like personal assistant robots navigating indoor areas such as homes. Existing indoor
simulators often leverage real-world environment scans or advanced rendering to minimize the visual sim-to-real
gap, while focusing physics simulations on more simplified collision detection. The Matterport3D Simulator
[18] leverages the Matterport3D dataset, comprising 10,800 panoramic views derived from 194,400 RGB-D images
across 90 diverse scenes in the real world. It achieves high visual fidelity by using real-world scans from the dataset,
effectively narrowing the visual sim-to-real gap as simulated perception mirrors actual camera outputs. However,
it does not have physical dynamics—it lacks a physics engine, restricting navigation to discrete transitions
between precomputed viewpoints (averaging 2.25 meters apart) with implicit collision detection via walkable
paths. This discrete design makes it unsuitable for training agents to navigate uneven terrain, as such locomotion
requires actual physical interactions.
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Fig. 5. This figure showcases six navigation simulators, categorized into indoor, outdoor, and general-purpose types, arranged
from left to right. The first two, Habitat and AI2-THOR, represent indoor settings: Habitat simulates navigation in a
realistic 3D kitchen scene with a top-down occupancy map, while AI2-THOR simulates a wheeled robot navigating and
interacting with objects, such as a tomato, in a home environment. The next two, CARLA and AirSim, illustrate open-world
scenarios in outdoor settings: CARLA displays a car on an urban road with traffic, and AirSim simulates a drone navigating
a suburban street with a depth sensor view. The final two, ThreeDWorld and Isaac Sim, represent general-purpose settings:
ThreeDWorld displays a wheeled robot navigating in a photorealistic bedroom environment, and Isaac Sim shows a mobile
robot navigating inside a warehouse environment.

In contrast, simulators like Habitat-Sim [114, 132, 161], AI2-THOR [87], and iGibson [176] integrate
physics engines to support dynamic interactions. For instance, Habitat-Sim [114, 132, 161] renders diverse 3D
reconstructed scenes from datasets such as Matterport3D [18], Gibson [176], HM3D [137], as well as synthetic
CAD models, achieving rendering speeds exceeding 10,000 frames per second on a graphics processing unit
(GPU). To enhance perceptual realism, it integrates noise models for RGB-D sensors, simulating imperfections like
distortions, thereby improving sim-to-real transferability for perception models. In modeling physical dynamics, it
employs the Bullet physics engine for rigid-body dynamics, enabling accurate collision detection and locomotion
across 3D environments. Integrated with the Habitat-Lab library, Habitat-Sim facilitates tasks such as PointGoal,
ObjectNav, ImageNav, VLN, and EQA, offering a flexible platform for navigation research. Similarly, AI2-THOR
[87] delivers photorealistic visuals by leveraging Physically-Based Rendering (PBR) from Unity3D. It supports
domain randomization techniques—such as varying materials and lighting—to enhance the visual sim-to-real
transferability. The Unity-based physics engine employed by AI2-THOR supports realistic collision detection and
locomotion. The ProcTHOR extension [36] enhances the scalability of AI2-THOR by procedurally generating
10,000 unique houses, providing diverse indoor navigation environments that enable policy generalization.
In addition, iGibson [176] uses PBR with Bidirectional Reflectance Distribution Function (BRDF) models to
simulate realistic light interactions—capturing effects like angle-dependent reflectivity—combined with domain
randomization to narrow the visual sim-to-real gap. Like Habitat-Sim, it employs the Bullet physics engine,
ensuring accurate dynamics for collision and locomotion. It also accommodates various agent embodiments (e.g.,
humanoid, ant) across 15 indoor scenes, expandable via datasets like CubiCasa5K.

Outdoor simulators. CARLA [38] and AirSim [146] offer simulated environments of urban areas and natural
terrains for autonomous vehicles and robots. Both harness PhysX from Unreal Engine 4 to deliver photorealistic
rendering through ray tracing and physically based rendering (PBR), while employing domain randomization
to minimize the visual sim-to-real gap. However, these advanced features entail significant computational
overhead. Specifically, CARLA [38], an open-source simulator tailored for autonomous driving, supports tools
like CARLAZ2Real to enhance photorealism further and utilizes PhysX for physics simulation, managing vehicle
dynamics, collision detection, and locomotion. In contrast, AirSim [146] uses a custom physics engine optimized
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for speed to handle collision detection and locomotion, and integrates realistic sensor models, such as IMU and
GPS, to replicate real-world conditions accurately.

General-purpose simulators. General-purpose simulators support both indoor and outdoor settings, delivering
high-fidelity visuals and precise physics. However, these properties also come with a trade-off of increased
computational complexity, often requiring high-end GPUs or efficient training frameworks. ThreeDWorld
(TDW) [51], built on Unity3D, uses PBR and High Dynamic Range Image (HDRI) lighting for photorealistic
rendering, minimizing the visual sim-to-real gap. It employs PhysX physics engine, supporting cloth and fluid
simulations, and ensuring realistic collision detection. In addition, TDW supports tasks like the Transport
Challenge [51], which requires both indoor manipulation and outdoor exploration. Meanwhile, Isaac Sim [124],
developed by NVIDIA, leverages RTX technology for photorealistic ray-traced rendering and thus minimizes the
visual sim-to-real gap. It also leverages PhysX engine to provide precise dynamics for collision detection and
locomotion. Integrated with Isaac Lab, it supports reinforcement learning and imitation learning for tasks like
path planning, scaling from warehouses to outdoor settings. The high-fidelity simulations supported by these
simulators ensure that policies trained are grounded in realistic visuals and physics, enhancing their deployability
in real-world scenarios. However, to manage the high computational demands of them, a hierarchical training
framework is often used: RL or a Proportional-Derivative (PD) controller manages locomotion and short-range
navigation, followed by a deep learning-based path planner, such as a waypoint predictor [28].

2.2 Benchmark datasets

Navigation tasks in embodied Al, as outlined in Section 2, include goal-driven navigation—such as PointNav,
ImageNav, and ObjectNav—where agents pursue a predefined target, and task-driven navigation—such as Em-
bodied Question Answering (EQA) [35] and Vision-and-Language Navigation (VLN) [4]—where agents interpret
and act upon complex textual instructions. To facilitate training and evaluation of agents on these tasks within
simulators, a variety of benchmark datasets have been proposed, each often paired with specific simulation
platforms. This section offers a detailed examination of the navigation benchmark datasets. We organize the
datasets into two primary categories based on the tasks they support: goal-driven navigation and task-driven
navigation. Table 1 summarizes key properties of these benchmark datasets, highlighting their scale, sensor data,
and performance metrics. Datasets such as HM3D [137] (1,000 scenes) and DivScene [169] (4,614 scenes) provide
expansive environments, allowing agent generalization across diverse scenes. Notably, several datasets provide
expert trajectories (e.g., VLN-CE [88, 89], VLN-CE-Isaac [24], Robo-VLN [72]), which can be used to train
imitation learning policies. Sensor data, like depth inputs, offer cues for spatial awareness, while segmentation
data in datasets like iGibson [92, 147, 177] and TEACh [126] enable the training of agents to gain a semantic
understanding of their surroundings. The table also presents baseline methods applied to each dataset along with
their success rates (SR), enabling a comparison of method performance across different benchmark tasks.

Goal-Driven Navigation Datasets. Goal-driven navigation datasets have progressively evolved to tackle
increasingly sophisticated challenges, transitioning from basic spatial navigation to complex object interactions
and multi-goal reasoning. Early efforts, such as the Matterport3D dataset [18], provide 3D indoor environments
but with artifacts like missing surfaces. The Habitat-Matterport 3D (HM3D) dataset [137] mitigates these
issues, minimizing artifacts such as missing surfaces or untextured regions in the Matterport3D dataset, offering
high-fidelity reconstructions for PointGoal navigation across diverse architectural layouts, thereby reducing the
visual sim-to-real gap. Extending this foundation, the HM3D-OVON dataset [192] introduces open-vocabulary
Object Goal Navigation, challenging agents to navigate to unseen object categories. Similarly, the Instance
Object Navigation (ION) dataset [96] refines the focus to navigating to specific object instances based on
fine-grained attribute descriptions such as color or material. The Multi-Object Navigation (MultiON) dataset
[53] further increases the task complexity by requiring agents to navigate an ordered sequence of objects, thereby
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Table 1. Benchmark Datasets for Navigation Tasks. This table details datasets with: Size—the scale of the dataset (e.g.,
scenes or episodes); Simulator; Sensor Data—sensory input types (e.g., RGB, Depth); Performance—baseline results on

success rate (SR).

Dataset

Size Simulator Sensor Data

Performance

Goal-Driven Navigation Datasets

iGibson [92, 147, 177]

ION [96]
HM3D [137]

HM3D-OVON [192]

MultiON [53]
DivScene [169]

100+ scenes; 27k object . RGB, Depth,
L iGibson .
descriptions Segmentation
600 scenes AI2-Thor RGB
1,000 scenes Habitat RGB, Depth
181 scenes Habitat RGB, Depth
50,000 train episodes Habitat RGB, Depth
4,614 scenes; 81 scene types ~ AI2THOR RGB

DD-PPO [172]: 97% SR
DAgRL+OD [142]:
37.1%-39.0% SR
OracleMap [53]: 94% SR
(1-ON), 48% SR (3-ON)
NATVLM [169]: 54.94% SR

Task-Driven Navigation Datasets

Room-to-Room (R2R)
(4]
VLN-CE [88, 89]

VLN-CE-Isaac [24]

ALFRED [149]

DialFRED [52]
TEACh [126]
VNLA [123]

REVERIE [133]

A-EQA [113]
Robo-VLN [72]
LHPR-VLN [154]

90 scenes; 21,567 instructions  Matterport3D RGB

90 scenes; 4475 trajectories Habitat RGB, Depth
90 scenes; 1077 trajectories Isaac Sim RGB, LiDAR
120 scenes; 8k demos; 25k

directives; 428k image-action  AI2-Thor RGB

pairs

112 rooms; 34,253 train tasks ~ AI2-Thor RGB
120 scenes; 3,047 sessions AI2-Thor RGB, segmentation
90 scenes; 94,798 train tasks Matterport3D RGB

90 scenes; 21,702 instructions ~ Matterport3D RGB

180+ scenes; 1,600+ questions Habitat RGB, Depth
90 scenes; 3177 trajectories Habitat RGB, Depth

216 scenes; 3,260 tasks Habitat RGB

SEQ2SEQ [160]: 20.4% SR

Cross-modal attention
model[88, 89]: 33% SR
NaVILA [24]: 54.0% SR in
R2R

SEQ2SEQ [160]: 4% SR

Questioner-performer [52]:
33.6% SR
ET. [130]: 9% SR
LEARNED [123]: 35% SR
Interactive
Navigator-Pointer [133]:
11.28% SR

HCM [72]: 46% SR

testing their memory and planning capabilities. However, these datasets leverage static environments, without
requiring the agents to interact with objects during navigation. The real-world navigation process should be more
dynamic. To address this limitation, the iGibson dataset [92, 147, 177] introduces Interactive Navigation, where
agents must physically manipulate objects, such as pushing objects out of the path, to reach targets in cluttered
indoor settings. Recently, with the advent of Large Language Models, the DIVSCENE dataset [169] leverages the
GPT-4-based HOLODECK system [188] to generate large-scale, diverse environments with expert trajectories
produced via Breadth-first search (BFS), offering varied indoor scenes that enhance agent generalization across

different environments.
Task-Driven Navigation Datasets. Task-driven navigation datasets have advanced from foundational instruction-
following benchmarks to interactive frameworks for enhanced real-world applicability. The Room-to-Room
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(R2R) dataset [4], built on the image scans of indoor environments in the Matterport3D dataset, establishes
Vision-and-Language Navigation (VLN) by requiring agents to follow natural language instructions in discrete
environments. Subsequent works, such as the VLN-CE dataset [88, 89], adapted these environments to continuous
settings by using the 3D reconstructed environments from the scans used in R2R. Meanwhile, VLN-CE-Isaac
[24] further tailors the VLN-CE dataset for legged robots, incorporating LIDAR-based terrain adaptation. How-
ever, these datasets primarily utilize low-level, step-by-step instructions, requiring agents to execute commands
without additional assistance. In contrast, the Vision-based Navigation with Language-based Assistance
(VNLA) dataset [123] provides higher-level instructions (e.g., “Find a towel in the kitchen”) and allows agents to
request language-based guidance, shifting the focus to effective help-seeking strategies. Furthermore, datasets like
ALFRED [149], DialFRED [52], and TEACh [126] integrate navigation with object manipulation and dialogue.
Specifically, ALFRED focuses on completing household tasks based on step-by-step instructions, DialFRED and
TEACHh, similar to VNLA, enhance ALFRED by allowing dialogue for clarification. Alongside these efforts, the
A-EQA dataset [113] is proposed to address Embodied Question Answering (EQA), necessitating that agents
explore environments to answer open-vocabulary questions.

2.3 Evaluation Metrics

Each type of navigation task necessitates evaluation metrics tailored to its distinct objectives. Goal-driven
navigation focuses on efficiently reaching predefined targets—such as coordinates, images, or objects—and is
typically measured using quantitative indicators like success rate, path length, and time to completion. In contrast,
task-driven navigation requires agents to either execute actions based on textual instructions or respond to
questions after exploring the environment, thus demanding metrics that assess action-instruction alignment
and answer accuracy. This section analyzes these metrics, exploring their properties across both task types.
Additionally, we evaluate these metrics through four critical perspectives—Scale Invariance, Order Invariance,
Safety Compliance, and Energy Efficiency—as illustrated in Figure 6. These perspectives address key real-world
considerations: Scale Invariance ensures metric robustness across diverse environment scales, from indoor
settings to outdoor landscapes; Order Invariance allows agents to achieve the navigation goal via different paths
instead of following a ground-truth route, as multiple valid paths often exist in the real world; Safety Compliance
assesses the ability of an agent to avoid collisions and hazardous zones; and Energy Efficiency evaluates resource
optimization, often approximated via path length or navigation duration.

Metrics for Goal-Driven Navigation Tasks. In goal-driven navigation, where agents aim to reach specific
targets such as coordinates, images, or objects, evaluation metrics prioritize both task completion and efficiency.
The Success Rate (SR) measures the proportion of episodes in which the agent successfully reaches the goal,
offering a foundational indicator of performance. For object goal navigation, the Instance-Localization Success
Rate (ILSR) [96] extends SR by requiring the agent not only to approach the target object but also to identify it
among other visible instances correctly—for example, distinguishing a red chair from a blue one in a cluttered
room—thereby assessing both localization and recognition capabilities. To incorporate path efficiency, the Success
weighted by Path Length (SPL) [3], defined as

N

1 t;

SPL = ; St o) (1)
, where N is the number of episodes, S; is the success indicator, # is the shortest path length, and p; is the

actual path length, balances success with a penalty for inefficiency.

Metrics for Task-Driven Navigation Tasks. Task-driven navigation includes tasks like following textual

instructions or answering questions after exploration. Tasks like Vision Language Navigation (VLN) may need

agents to navigate a specific path by following step-by-step instructions. Therefore, these tasks require metrics
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Fig. 6. The scores for each metric (the higher the better): Scale Invariance assesses robustness of the metric across environ-
ments of varying sizes, Order Invariance evaluates whether the metric considers action sequences, Safety Compliance
evaluates if the metric can assess safety during navigation, and Energy Efficiency assesses whether the metric implies
energy efficiency.

that compare the predicted path with the reference path. For example, the Coverage weighted by Length Score
(CLS) [73] assesses path alignment with a reference path. It is defined as CLS(P, R) = PC(P, R) - LS(P, R), where
Path Coverage PC(P, R) measures spatial coverage of the predicted path P and reference path R and Length Score
(LS) measures how well the length of the predicted path matches the length of the reference path. Moreover,
Normalized Dynamic Time Warping (nDTW) [71] extends this by considering both spatial alignment and the
sequence of actions taken. It generates a similarity score ranging from 0 to 1, where a higher score reflects greater
alignment with the reference path in terms of location and order. Both the CLS [73] and the nDTW [71] ensure
scale-invariance by normalizing the score by the reference path length. Furthermore, Song et al. [154] break
down the step-by-step instructions in VLN tasks into multiple subtasks and propose the Independent Success
Rate (ISR) [154] metric to evaluate completion of each subtask independently, enabling granular assessment of
complex instructions like “turn left, find the door”. In Embodied Question Answering (EQA), EQA Efficiency
[113], formulated as

N

1 -1 4

E:—Z(U ) « x 100% @)
N&& 4 max(p;, £;)

, integrates answer correctness (via an LLM-Match score o; from 1 to 5) with exploration efficiency, encouraging
agents to gather accurate information through shorter paths. Finally, the Instruction Violation Rate (IVR)

_Number of episodes with violations
[28] > Computed as IVR = Total number of episodes

jaywalking), directly addressing compliance of the agents with the safety rules set by humans.

, quantifies violations of commonsense constraints (e.g.,
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2.4 Methods

As illustrated in Figure 3, during the navigation process, agents encounter partial observability and, therefore, are
required to build memory for historical observations and actions, guiding action execution. This part explores
navigation methods through two types of memory: Explicit Memory and Implicit Memory.

2.4.1 Explicit Memory. Explicit memory construction involves storing environmental information in structured
formats to support navigation. This approach splits into two main categories—Metric Map-Based and Graph-
Based—which differ in their granularity and scalability. The choice between them depends on the precision
required for low-level actions and the scale of the environment. Metric maps excel in fine-grained spatial
representation for precise control in small-scale settings, while graphs abstract the environment into topological
relationships, enabling efficient planning in large-scale environments.

Metric Map-Based Methods. These methods discretize the environment into grids, point clouds, voxels, or
meshes to build a map to streamline downstream tasks such as path-finding. For example, Figure 3(a) shows a 3D
metric map [157], which represents the environment as 3D grids for navigation. Several works use 2D occupancy
maps for navigation [20, 48]. Specifically, Fu et al. [48] employ occupancy grid maps to calculate the geodesic
distance to target locations, optimizing shortest paths using the steepest descent approach. Moreover, maps
can also incorporate semantic cues [22, 67, 79]. For instance, Chen et al. [22] fuse semantic features extracted
from occupancy maps and RGB images through Convolutional Neural Networks (CNNs), followed by Recurrent
Neural Networks (RNNs) to integrate temporal information to improve exploration performance. Meanwhile,
Huang et al. [67] construct semantic grid maps by integrating Contrastive Language-Image Pre-Training (CLIP)
[135] embeddings from RGB images into the grids via depth-based back-projection. This representation enables
open-vocabulary landmark localization through cosine similarity scoring between grid embeddings and CLIP text
queries. During navigation, target objects (e.g., “sofa”) are localized by matching their text descriptions to grid
features. While map-based methods effectively capture fine-grained spatial information by aggregating historical
observations into global maps, they exhibit limited scalability in expansive environments due to the significant
computational resources required to maintain and update large-scale maps.

Graph-Based Methods. Graphs serve as abstract structures that capture environmental topology or spatial
relationships of objects. For larger environments, topological graphs provide a scalable solution by representing
key observed landmarks (e.g., doorways, intersections) as nodes and traversable paths between them as edges.
Figure 3(b) shows a hierarchical graph [10], highlighting rooms and floors as nodes with connecting edges for
graph-based navigation. Several studies apply topological graphs in Image-Goal Navigation—where agents are
required to navigate to a location based on a goal image. Savinov et al. [144] propose Semi-Parametric Topological
Memory (SPTM), which encodes current and goal images into node features using CNNs and plans paths based
on similarity scores. Meanwhile, Chaplot et al. [152] introduce Neural Topological SLAM, which uses panorama
images as graph nodes and generates exploration routes by comparing doorways in the current view with the
goal image. Beeching et al. [11] enhance this by training a neural planner to estimate connections between
image embedding nodes, storing probabilities in graph edges for flexible navigation in uncertain environments.
Additionally, knowledge graphs enhance object-goal navigation by explicitly modeling spatial and functional
relationships between objects. For example, Yang et al. [187] construct a knowledge graph where nodes represent
object categories (e.g., “mug”, “coffee machine”) and edges encode relationships like “next to” or “in”. These
graphs enable agents to infer possible locations for unseen objects (e.g., predicting a mango to be located near
apples in a fridge) and navigate efficiently. Path planning in graph-based methods harnesses the topology of the
environments, allowing the use of classical algorithms such as Dijkstra’s Algorithm to find the shortest path.
Furthermore, Graph Neural Networks (GNNs) can be employed to extract high-level features from topological
graphs, facilitating action planning.
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2.4.2 Implicit Memory. Implicit memory includes methods where agents do not rely on explicit data structures
to represent the environment. Instead, they use learned encodings, pre-trained knowledge, or predictive models
to make decisions based on past visual observations and actions. This approach can be particularly advantageous
in dynamic or large-scale environments where traditional explicit memory structures may be impractical. Implicit
memory can be categorized into three types: Latent Representation-Based: Encodes historical data into
compact latent vectors, potentially reducing memory requirements. Foundation Model-Based: Utilizes large
pre-trained models that leverage internet-scale knowledge to process observations and instructions, though this
may involve significant computational resources. World Model-Based: Predicts future environmental states to
inform action planning.

Latent Representation-Based Methods. Explicit memory structures, such as maps and graphs, are inherently
static and hence require frequent updates to capture the dynamic real-world environments. These updates
introduce significant computational overhead. Latent representation-based methods address this limitation
by encoding sequences of observations and actions into latent vectors, which are then directly used to infer
navigation actions. As shown in Figure 3(c), this approach typically encodes inputs like image views, instructions,
or past dialog history (e.g., question-answer pairs) into latent representations. These representations often then
incorporate temporal reasoning through architectures like sequential models or transformers, which maintain
a dynamic internal state, capturing relevant historical information for inferring actions. For instance, Zhu et
al. [209] develop a dialog-based navigation system that learns a joint visual-textual embedding using cross-modal
attention to integrate image and language inputs. A Long Short-Term Memory (LSTM) [60] processes these
embeddings over time, extracting temporal information to infer actions from historical cues without an explicit
map. Similarly, Hong et al. [61] introduce VLN-BERT, which adapts a vision-and-language BERT model [108]
for navigation by using the “Classify” token as a state representation within a transformer architecture. This
allows the model to maintain and update a dynamic state through self-attention, capturing instructions, historical,
and current observations for action inference. These methods, however, are more prone to cumulative errors
as they infer actions step-by-step from historical observations, propagating inaccuracies through sequential
decisions. In contrast, Moghaddam et al. [117] predict the successful future state first, such as the goal or a
critical sub-goal, and then plan actions to achieve it, reducing such errors by anchoring decisions to an imagined
outcome. Latent representation-based methods typically employ recurrence or transformer-based architectures
to compress sequential visual or textual inputs into dynamic latent states. By integrating historical observations
over time, these latent representations mitigate partial observability issues in individual frames. However, this
approach faces limitations when applied to long-horizon navigation tasks. The compression process inevitably
discards fine-grained spatial details, making it challenging to memorize large-scale environmental layouts over
long trajectories, potentially leading to error accumulation in complex environments.

Foundation Model-Based Methods. Foundation model-based methods utilize implicit memory by leveraging
large pre-trained models, such as Large Language Models (LLMs) or Vision-Language Models (VLMs), to encode
scenes and language instructions into text tokens or latent embeddings. These models are trained on internet-
scale data, using their pre-trained knowledge as implicit memory for making navigation decisions. Figure 3(d)
illustrates this method, showing how an LLM generates actions based on a task prompt and observation history.
Multiple works [170, 205] convert visual observations and navigation instructions into textual descriptions using
visual foundation models and feed these into LLMs to predict the next navigation action autoregressively. For
instance, NavGPT [205], as proposed by Zhou et al., relies on the textual reasoning capabilities of LLM (GPT-4) to
interpret the current scene, track progress via a summarized history in text, and select actions from navigable
viewpoints, all in a zero-shot manner without task-specific training. However, relying only on textual descriptions
can lead to the loss of fine-grained visual details, making it challenging to ground actions accurately in the
actual environment. To address this, Vision-Language Models (VLMs) provide a solution by directly integrating
visual and textual information, preserving more of the original visual context. For example, Zheng et al. [201]
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introduce NaviLLM, which employs a VLM to directly integrate historical and current visual features (extracted
via a Vision Transformer) with textual instructions, enabling action generation for tasks such as Vision-and-
Language Navigation (VLN) and Embodied Question Answering (EQA). However, these approaches can be prone
to hallucination due to their reliance on implicit knowledge without precise spatial context. A recent work called
MapNav by Zhang et al. [197] mitigates this limitation by combining a VLM with metric maps. Specifically,
MapNav integrates the VLM with Annotated Semantic Maps (ASMs), a type of metric map, allowing the VLM to
combine its pre-trained implicit knowledge with explicit spatial information, thereby achieving more precise and
reliable navigation.

World Model-Based Methods. Another category of implicit memory methods is world model-based approaches,
which learn to predict future environmental states, such as visual observations (e.g., Figure 3 (e)) or latent
dynamics, to guide navigation. These methods also address the critical challenge of robotic dataset scarcity in
embodied Al by enabling the generation of large-scale synthetic datasets. Specifically, by simulating diverse
environmental scenarios, they provide extensive training data for navigation policies, enhancing their ability
to generalize across various situations, even including complex open-world scenarios in autonomous driving.
Furthermore, the predictive capabilities of world models facilitate trajectory optimization, allowing for the
planning of optimal action sequences through the simulation of future states. For example, Bar et al. [9] train a
Navigation World Model NWM), a video diffusion model, to generate potential future frames for evaluating
navigation paths. In novel environments, it extrapolates unseen routes from a single image using prior visual
experience. Likewise, X-Mobility [106] employs a latent world model to forecast environment dynamics and
simulate potential future outcomes in latent space. Recently, NVIDIA introduced Cosmos Predict [2], a world
model trained on large-scale robotics and driving datasets within the Omniverse platform. It can forecast future
states as videos from text and image inputs. Cosmos Predict is paired with Cosmos Reason, a Chain-of-Thought
(CoT) reasoning model, which interprets the forecasts made by Cosmos Predict into text to guide navigation
decisions—for example, suggesting reducing driving speed if Cosmos Predict forecasts a pedestrian crossing.

3 Manipulation

Training manipulation agents via sim-to-real requires both an understanding of the precise geometric details
in the perception systems of the agents and the use of simulators that can model realistic physical dynamics.
Consider a robot learning to unscrew a bottle cap within a simulated environment: it must perceive and accurately
understand the shapes and poses of both the cap and its end effectors. Additionally, the simulator must simulate
realistic physics interactions, including multi-point contacts, friction, and collision forces, to enable successful
sim-to-real transfer of this task. As a result, current manipulation research involves advancing perception
modeling and developing simulators and physics engines. Notably, differentiable simulators have recently gained
prominence: these simulators offer gradients concerning physical states for training policies with better sim-to-real
transferability (see §3.2).

Moreover, manipulation tasks vary in complexity. Agents require more advanced perception methods and
hardware as tasks become more complex. Simpler tasks, such as planar grasping, can often be addressed using 2D
sensors (e.g., RGB cameras) and basic grippers. However, dexterous in-hand manipulation requires 3D perception—
leveraging representations such as point clouds or voxels—and multi-fingered hands. This highlights that the
requirements for perception, representation, simulators, and hardware vary with the level of task difficulty.

Therefore, to analyze manipulation research thoroughly, this section is organized as follows: We first categorize
and analyze key manipulation tasks, evaluating their complexities and associated hardware requirements (§3.1).
We then explore physics engines and simulators, emphasizing both classical and differentiable platforms designed
for manipulation (§3.2). Next, we survey benchmark datasets, highlighting their focus and role in scaling
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generalization across diverse tasks and robotic platforms (§3.3). Finally, we examine core manipulation methods
for perception representation and policy learning (§3.4).

3.1 Manipulation tasks

To better understand challenges associated with manipulation, we first categorize key manipulation tasks and
their associated hardware by complexity and required Degrees of Freedom (DoFs), as illustrated in Figure 7.
Below, we explore each task in detail:

Grasping: pick and place
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Fig. 7. Overview of manipulation tasks and hardware, ordered by increasing complexity and degrees of freedom, respectively.
Top: Grasping (arm picking objects), Dexterous Manipulation (hand with Rubik’s cube), Deformable Object Manipulation (arm
folding cloth), Mobile Manipulation (humanoid/quadruped robots)—these tasks require increasingly advanced perception
and control during interactions with the environment. Bottom: Grippers, Dexterous Hands, Soft Hands, Bimanual Hands,
Arms on Wheeled Robot, Quadruped Robot, and Humanoids—this hardware offers increasing degrees of freedom, dexterity,
and integration of manipulation with mobility.

Grasping is a fundamental task in robotics, often framed as a pick-and-place operation where a robot must hold
an object and place it in a new position. Planar grasping, which involves three degrees of freedom (DoFs), is
typically used for objects on flat surfaces. Meanwhile, full 3D grasping demands six DoFs—x, v, z, roll, pitch, and
yaw—to handle objects in arbitrary poses, necessitating robotic arms with higher DoFs for effective coordination.
Dexterous manipulation refers to in-hand manipulation using multi-fingered hands, typically with three or
more fingers. This task employs techniques such as finger gaiting, rolling, or pivoting [56, 125] to control the
orientation of the object in hand (e.g., twisting a Rubik’s cube and spinning a pen). This task demands precise



16 + Wong Lik Hang Kenny, Xueyang Kang, Kaixin Bai, and Jianwei Zhang

coordination among the fingers to handle the complex contact dynamics involved in moving objects. For objects
with complex shapes, accurate simulation of frictional forces and multi-point contacts between the fingers and
the object is essential—a capability effectively provided by simulators like MuJoCo [165].

Deformable object manipulation involves handling soft materials, such as cloth or ropes, which can bend, flex,
or deform when subjected to external forces. Unlike rigid objects, where the shape is fixed, the relative distances
of points in soft body objects are not fixed, resulting in a highly dynamic and complex object state space. Tasks
like knot-tying or folding clothes demand real-time monitoring of geometric deformations of objects and precise
control that adapts to material properties such as elasticity and friction.

Mobile manipulation involves robotic arms mounted on mobile platforms with navigation capabilities, such as
wheeled, quadruped robots, or humanoids. For example, a robot might navigate to a kitchen, open a drawer, and
pick up a cup, requiring the robot to both navigate in the environment and manipulate objects.

Open-world manipulation tackles the “infinite variability problem” [163]. It requires robots to handle novel
objects in unstructured and dynamic environments, such as picking up unseen items in cluttered spaces. The
unpredictability of these settings requires robots to generalize from limited training data and adapt to new objects,
materials, or conditions.

Fragile object manipulation involves handling delicate items that require precise force control and careful
handling to prevent damage to the object. A common approach is the use of soft robotic grippers made from
materials like rubber, silicone, or carbon fiber. These grippers employ actuators—such as pneumatic [155],
hydraulic [206], or tendon-driven [168] systems—to control finger movement, ensuring even pressure distribution
for safer handling. Precise force control is critical to avoiding damage, necessitating real-time feedback and
adaptive control strategies tailored to varying levels of fragility (e.g., eggshells and berries). Accurate simulation
of object properties is essential for effective training of this task. Additionally, detecting fragility through visual
cues (e.g., geometry, texture) or tactile feedback is crucial for adjusting grip strength appropriately.
Bi-manual manipulation employs dual-arm systems, such as ALOHA [199], to perform tasks that require
coordination beyond the capabilities of a single arm, such as assembling Lego pieces.

3.2 Physics Engines and Simulators
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Fig. 8. Comparison of rendering effect in different simulators. PyBullet (left) utilizes rasterization, offering fast, basic visuals
with flat shading. Isaac Sim (middle) utilizes ray tracing, delivering photorealistic visuals with accurate lighting, shadows, and
reflections, closely mimicking real-world conditions. SAPIEN (right) uses realistic depth noising to enhance depth perception
further, aligning simulated depth maps with real sensor data.

Similar to navigation simulators, manipulation simulators must address both the physics and visual sim-to-real
gaps to ensure effective training and deployment of robotic agents. However, narrowing the physics sim-to-real
gap is particularly crucial for manipulation tasks, as manipulation involves more interactions with objects.
Simulating manipulation tasks involves modeling complicated physical interactions (e.g., multi-point contacts),
material-specific friction (e.g., stone or ice), and collision forces, which become increasingly complex as the task
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complexity increases (dexterous manipulation involves more collisions than planar grasping). Accurate simulation
of these dynamics is essential for developing control policies that can transfer seamlessly to real-world scenarios.
Recently, differentiable simulators like Genesis advance this capability by providing gradients for physical states,
thereby reducing the physics sim-to-real gap and enabling precise optimization of manipulation policies. For
the visual sim-to-real gap, simulators employ advanced rendering techniques, such as ray tracing and realistic
depth noising, to create photorealistic environments that closely mimic real-world conditions, as illustrated
in Figure 8. In this section, we will explore various physics engines and simulators designed for manipulation
tasks. We will compare classical engines like MuJoCo and Isaac Sim with differentiable engines such as Dojo and
Genesis, evaluating their capabilities in both modeling physical dynamics and visual fidelity. Additionally, we
will highlight key milestones in their development and provide a detailed comparison of different simulation
platforms, as shown in Figure 9 and Table 2.
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Fig. 9. A figure showing key physics engines and simulators, from Gazebo to PhysX, MuJoCo, PyBullet, later PhysX 5 and
Genesis, showcasing GPU acceleration, photorealistic rendering, and differentiable physics.

Classical Physics Engines and Simulators. Classical simulators, which rely on traditional mechanics for
simulating physical dynamics and contact modeling, have been foundational in robotic simulation for years.
Below, we discuss several key classical simulators and their approaches to these physics and visual sim-to-real
challenges. Gazebo [86] integrates closely with the Robot Operating System (ROS) and supports multiple physics
engines such as Dynamic Animation and Robotics Toolkit (DART), Open Dynamics Engine (ODE), and
Bullet for rigid-body dynamics. These physics engines primarily excel in rigid-body simulation. Visually, it
leverages the Open Source 3D Graphics Engine (OGRE), which supports GPU-accelerated shading but lacks
ray tracing or photorealistic capabilities. Meanwhile, PyBullet [33] focuses on speed and efficiency. Built on
the Bullet Physics engine, PyBullet provides GPU acceleration and continuous collision detection to enhance
simulation speed. It uses a linear complementarity problem (LCP) contact model for physics simulation, which
can be computationally intensive and may inaccurately approximate friction cones at contact points, impacting
the physics sim-to-real gap. Rendering in PyBullet is limited to rasterization via OpenGL, without support for
ray tracing or depth noise simulation, thus limiting its ability to narrow the visual sim-to-real gap. In contrast,
MuJoCo [165] prioritizes precision in contact dynamics, making it useful for dexterous manipulation. It excels in
multi-joint system simulation with accurate contact modeling, capturing robotic manipulator dynamics using
generalized coordinates, and enabling stable, friction-rich interactions. However, its soft contact model can lead
to interpenetration during impacts. Visually, it uses rasterization-based rendering via OpenGL, which lacks
hardware-accelerated real-time ray tracing, restricting visual fidelity and widening the visual sim-to-real gap.
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However, it supports multi-threading for faster reinforcement learning. For photorealistic rendering, both Isaac
Sim [124] and SAPIEN [19, 116, 178] stand out. They leverage GPU-accelerated rasterization and real-time ray
tracing to create photorealistic environments with precise lighting and reflections, effectively reducing the visual
sim-to-real gap. SAPIEN further supports built-in advanced depth noise simulation, which enhances visual
fidelity by generating realistic depth maps with noise based on distance, object edges, and material properties,
significantly improving sim-to-real transferability. They use the Nvidia PhysX engine for physics, supporting
robust physics simulation for rigid, soft, and fluid dynamics. Finally, CoppeliaSim [140] offers flexibility through
support for multiple physics engines (MuJoCo, Bullet, ODE, Newton, Vortex), enabling simulation of rigid,
soft, and cloth dynamics. This adaptability helps tailor physics simulation to specific tasks, though its lack of GPU
acceleration limits efficiency. Its rendering, primarily rasterization-based via OpenGL with partial ray-tracing
support, falls short of photorealism compared to Isaac Sim and SAPIEN.

Table 2. This table provides a comparison of simulation platforms for manipulation tasks. It evaluates the following features for each
simulator: support for ROS or ROS2, physics engine used, visual rendering methods (Rast: rasterization, RT: ray tracing), supported
dynamics (R: rigid, S: soft, C: cloth, F: fluid), compatibility with Reinforcement Learning (RL) frameworks, ability to import URDF files,
availability of GPU-accelerated simulation, and open-source (OS) status. Information partially sourced from [7]. Simulator names are
hyperlinked to their official websites or repositories.

Manipulation Simulator ‘ ROS PE Rendering Dynamics RL URDF GPU OS
SAPIEN [19, 116, 178] v PhysX 5 Rast; RT* R;S;F v v v v
Isaac Sim [124] v PhysX 5 Rast; RT R;S;C; F v v v
PyBullet [33] v Bullet Rast R;S; C v N4 v
MuJoCo [165] v MuJoCo Rast R;S; C v v VAV
CoppeliaSim [140] o MuwoCo; Bullet; ODE; Newton; o o prt psc v v v
Vortex

Gazebo [86] Vv Bullet; ODE; DART; Simbody Rast R;S; C v v v
Genesis [6] Genesis (based on Diff Taichi) Rast; RT R;S;C;F v v N4 v
Navigation Simulator ‘

Matterport3D [18] v v v
Habitat [114, 132, 161] Va4 Bullet Rast R v N4 v v
AI2-THOR [87] PhysX Rast R;S;C;F v N v
iGibson [92, 176] v Bullet Rast R;S; C v v v v
CARLA [38] v PhysX Rast R° v v v
AirSim [146] v PhysX Rast R° v v v
ThreeDWorld [51] PhysX Rast R;S; G F N v v v

* Not available in parallel gym-like environments.

¥ Limited Support, cannot perform photorealistic rendering,

¥ Supports Nvidia and AMD GPUs, Apple Silicon, and Google Cloud TPUs.

¢ ROS support via third-party integrations (e.g., ROS-X-Habitat).

° Designed for autonomous driving, thereby focusing on rigid body dynamics.

Differentiable Physics Engines and Simulators. Differentiable physics engines calculate gradients of sim-
ulation states relative to inputs—such as actions or object poses—allowing backpropagation through physical
interactions, including collisions and deformations. By modeling real-world physics with differentiable functions,
these engines enable policies to be optimized for real-world performance directly within the simulation, aligning
with fundamental physical principles. This approach enhances the adaptability and transferability of the trained
policies to real-world applications. Dojo [62] is a physics engine designed with optimization first principles. It
improves contact modeling and provides gradient information for the kinematics of manipulation targets by
formulating contact simulation as an optimization problem. By applying the implicit function theorem, Dojo


https://sapien.ucsd.edu/
https://developer.nvidia.com/isaac-sim
https://github.com/bulletphysics/bullet3
https://mujoco.org/
https://www.coppeliarobotics.com/
https://gazebosim.org/
https://genesis-embodied-ai.github.io/
https://github.com/peteanderson80/Matterport3DSimulator
https://aihabitat.org/
https://ai2thor.allenai.org/
https://svl.stanford.edu/igibson/
https://carla.org/
https://microsoft.github.io/AirSim/
http://www.threedworld.org/
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provides smooth, differentiable gradients. Meanwhile, Diff Taichi [64, 65] is a programming language for differ-
entiable simulators. It adopts the megakernel approach, merging multiple computation stages into a CUDA kernel
to maximize GPU utilization and accelerate simulations. Genesis [6], built on Diff Taichi, is an open-source
simulator fully optimized for differentiable simulation. It supports gradient-based optimization of neural network
controllers and achieves simulation speeds 10 to 80 times faster than existing GPU-accelerated simulators without
compromising physical fidelity. Additionally, Genesis includes a ray-tracing system for photorealistic rendering
and a generative data engine that transforms natural language into multimodal data for autonomous training
environment generation.

3.3 Benchmark Datasets

Multi-Task Rigid Body Manipulation Language-Conditioned Manipulation
B Deformable Object Manipulation Multi-Robot Embodiment Manipulation
5 I Mobile Manipulation Visual Perception for Object Manipulation
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Fig. 10. Comparison of robotic manipulation benchmarks. The top subplot, plotted on a log scale, illustrates the scale and
diversity of the dataset content, with the y-axis representing the count and the x-axis listing the names of the benchmark
datasets. Each bar represents the count of a key element within the dataset (e.g., environments, tasks, scenes, object types),
selected to reflect its focus, and is colored by category. The bottom subplot assesses method performance, with the y-axis
showing the average success rate (%), and the x-axis listing the same benchmark datasets. Each bar represents the average
success rate of various methods across the benchmark tasks, colored by the task on which they are evaluated. Together, these
subplots describe the dataset characteristics and performance outcomes, enabling researchers to analyze data availability
and the baseline performance for different tasks.
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This section provides an overview of benchmark datasets developed to advance a variety of manipulation
tasks. These datasets are crucial for enhancing agent generalization across diverse tasks, environments, and
robotic platforms. We categorize these benchmark datasets according to the manipulation tasks they support,
ranging from simple rigid body manipulation to more complex mobile manipulation scenarios, and extending to
language-conditioned manipulation that demands that agents integrate multi-modal inputs. Additionally, we
explore datasets tailored to train the visual perception modules of agents. This categorization helps researchers
identify datasets aligned with their specific research needs. Figure 10 presents a comparison of these manipulation
benchmark datasets. The top subplot illustrates the scale and diversity of the dataset content. The bottom subplot
shows the performance of various methods across these benchmarks. Together, this part provides a summary
of the existing datasets for different manipulation tasks and the corresponding states of method performance,
helping researchers understand both data availability and the baseline performance for different tasks.

Rigid Body Manipulation Benchmarks. Several benchmarks are designed to explore the development of
agents to handle rigid body manipulation tasks. For instance, Meta-World [193] offers 50 distinct rigid-body
manipulation environments, while RLBench [74] contains 100 tasks. Both are designed to train agents with
multiple basic skills and assess their generalization to new tasks during testing.

Deformable Object Manipulation Benchmarks. SoftGym [100] and Plasticinelab [69] have advanced research
on the manipulation of deformable objects such as fluids, ropes, and soft materials. SoftGym comprises 10
simulated environments (e.g., Pour Water, Fold Cloth, Straighten Rope), while Plasticinelab utilizes the Diff Taichi
system [64] for differentiable soft-body simulations. However, these benchmarks are often constrained by
their focus on single-type deformable materials and simple tasks, lacking the diversity required for broader
applications or scenarios involving multimodal instructions. Moreover, they predominantly utilize rigid grippers,
overlooking the potential of soft grippers for the delicate manipulation of deformable objects. To overcome these
limitations, the GRIP dataset [110] introduces a comprehensive benchmark featuring both soft and rigid grippers
interacting with a diverse set of 1,200 objects, including deformable objects. It is built on a high-fidelity, parallelized
Incremental Potential Contact (IPC)-based simulator to provide detailed simulation data on deformation and
stress distributions.

Mobile Manipulation Benchmarks. Mobile manipulation benchmarks evaluate agents on tasks requiring both
navigation and manipulation, often necessitating long-horizon planning, such as navigating to a distant location
before manipulating an object. The OVMM [191] benchmark focuses on the task of moving an object from a
start place to a goal place within the Al Habitat simulator, featuring 200 human-authored interactive 3D scenes
with 7,892 objects across 150 categories. Meanwhile, Behavior-1k [93], built on the Omnigibson simulator and
powered by Nvidia PhysX 5, introduces a broader and more varied challenge. It includes up to 1,000 household
activities requiring integrated navigation and manipulation strategies. The benchmark offers 50 fully interactive
scenes, covering tasks such as “pouring wine” and “cleaning bathtubs”, encompassing over 1,900 object types and
more than 9,000 object models, including liquids, deformable, and transparent objects. Similarly, ManiSkill-Hab
[150] focuses on three long-horizon domestic tasks—“Tidy House”, “Prepare Groceries”, and “Set Table”—on the
ManiSkill3 platform [162], which provides photorealistic simulation at over 30,000 FPS. Finally, to tackle the
challenges of bimanual mobile manipulation, BRMData [198] offers 10 varied household tasks that agents must
complete using two arms mounted on a mobile platform.

Language-Conditioned Manipulation Benchmarks. Language-conditioned manipulation benchmark datasets
assess the abilities of robots to interpret and execute natural language instructions, progressing from simulated
datasets with multi-step tasks to large-scale, real-world demonstration datasets. CALVIN [115] provides 34
long-horizon tasks, each paired with specific multi-step instructions such as “grasp the handle of the drawer and
open it” or “push the button to turn off the light”. It requires agents to follow detailed directives. Advancing this
task with a scalable approach, RoboTwin [119] leverages large language models (LLMs) to generate manipulation
environments and tasks, with objects reconstructed from demonstration videos. This benchmark offers flexibility
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and scalability in dataset creation. RoboMind [175] and DROID [83] further provide extensive real demonstration
data, which can be used for training imitation learning policies. RoboMind delivers 55,000 real demonstration
trajectories across 279 tasks and 61 objects, supported by 10,000 linguistic annotations, and accommodates
multiple robot embodiments in varied settings like kitchens, offices, and retail environments. Similarly, DROID
offers a large-scale dataset with 76,000 real demonstration trajectories—equivalent to 350 hours of interaction
data—spanning 564 scenes and 86 tasks, each paired with instructions like “Put the ball in the bow]”.
Multi-Robot Embodiment Ensemble Dataset. Recent benchmarks emphasize generalist policies transferable
across hardware and environments. For example, Open X-Embodiment [31] trains X-robot policies using data
from 22 robot types, demonstrating 527 skills across 160,266 tasks. It is the largest open-source real robot dataset
with over one million task demonstration trajectories.

Visual Perception Dataset. Graspnet-1 Billion [42] is designed to enhance grasping and perception tasks,
such as 6D pose estimation and segmentation. It includes 97,280 images, each annotated with precise 6D object
poses and grasp points, covering 88 objects and offering over 1.1 billion grasp poses.

3.4 Methods

Robust and generalizable robotic manipulation relies on accurate environmental perception and effective control
strategies. Research in this field centers on two primary directions: perception representation and policy
learning. Perception representation involves extracting rich 3D or multimodal information from the scene to
guide manipulation. Policy learning focuses on generating precise control commands for task execution.

Table 3. Summary of Environment Representation Modeling Techniques for Robotic Manipulation Tasks. This table
highlights key methods and formulas for perception modeling.

REPRESENTATION LEARNING

Category Formula References
VoselNap R T 8. 109]
Pose Estimation p=arg r;lg}))( Lpose (p) (4) [16, 129]

Grasp Proposal g=arg 215%‘ Lgrasp (9) (5) [76, 81, 148]

SO(3)-equivariant f(Rx;0) =Rf(x;0), YR €3S0(3) (6) [37, 41, 128]

[37, 143, 151, 174,

SE(3)-equivariant f(Rx+t;,0) =Rf(x;0) +t, V(R t) € SE(3) (7) 180]

SIM(3)-equivariant | f(aRx+t;0) = aRf(x;0) +t, V(e R, t) € SIM(3) (8) [91, 183, 184]

3.4.1 Perception Representation. Perception is fundamental to robotic manipulation, with the level of 3D
spatial detail required varying by task complexity. Perception representation methods can be categorized by
granularity: coarser object-level representations, such as 6D poses, are sufficient for basic tasks like pick-and-
place, whereas finer voxel-based representations or visuo-tactile perceptions are required for complex dexterous
manipulation [159]. Additionally, to ensure generalization across transformations, representations can be designed
to be SO(3)-, SE(3)-, or SIM(3)-equivariant.
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Voxel Map Representation. Voxel-based representations discretize 3D space into occupancy grids, where each
voxel reflects whether the corresponding coordinates (x, y, z) are occupied (Equation 3). For example, VoxPoser
[68] and VoxAct-B [103] integrate voxel grids and Vision-Language Models (VLMs) to support manipulation tasks.
VoxPoser uses VLMs to interpret language instructions, generating voxel maps that highlight task-relevant areas
(e.g., where objects should be grasped). Meanwhile, VoxAct-B adapts this approach for bimanual manipulation.
These methods excel at identifying task-specific regions of interest (ROI) in a scene-level context, enhancing
spatial understanding and object positioning for effective manipulation. For example, in a pick-and-place task, a
voxel map highlights an object’s handle for grasping, letting the robot focus there and ignore the rest.

Object Level Representation. Multiple works focus on learning object-level representations, such as 6D pose
estimation (Equation 4) and affordance-based grasp proposal (Equation 5). 6D pose estimation involves predicting
the position and orientation of an object in a scene. For example, Pix2Pose [129] employs pixel-wise coordinate
regression to estimate 3D coordinates from RGB images without requiring textured 3D models during training.
Moreover, FoundationPose [16] offers a unified framework for both 6D pose estimation and object tracking. It
also accommodates both model-based approaches (using CAD models) and neural implicit representations for
novel view synthesis. Additionally, Language-embedded radiance fields (LERF) [81] combine VLMs with 3D scene
representations to generate zero-shot task-specific grasp proposals. LERF-TOGO [138] extends this by leveraging
natural language prompts (e.g., “mug handle”) to query task-specific object regions for grasping. F3RM [148]
distills semantic features from CLIP [134] into 3D representations, enabling few-shot learning for grasping and
placing tasks with unseen objects. GraspSPlats [76] further enhances grasp selection efficiency and accuracy
using explicit Gaussian splatting for real-time proposals.

SO(3)-, SE(3)-, and SIM(3)-Equivariant Representations. Equivariant representations allow perception mod-
ules of manipulation agents to generalize to different inputs (e.g., objects or scenes) under various transformations.
SO(3)-equivariance ensures that when the input 3D point cloud is rotated, the learned representation also under-
goes the same rotation. SE(3)-equivariance includes both rotational and translational transformations, allowing
the model to generalize across different positions and orientations of objects in a scene. SIM(3)-equivariance
further accounts for scale transformations, enabling manipulation of objects of varying sizes.
SO(3)-Equivariant Representation. Vector Neuron Networks (VNNs) [37] enable SO(3) - equivariant rep-
resentation learning for 3D point clouds, defined as Equation 6. This property ensures that the output from a
network f rotates in the same way as the input x. The key mechanism of VNNS is to preserve the rotational
information from the input. Concretely, VNNs expand neurons to 3D vectors and apply a linear transformation
in a linear layer that satisfies W(xR) = (Wx)R for any rotation group R. For non-linear layers, VNNs generalize
ReLU by clipping features V in directions independent of rotation. Specifically, apart from the linear-transformed
feature ¢ = WV, VNN learn a second weight U, which produces a direction vector k = UV. The output of the
non-linear layers is:

9
q- <q, ﬁ> ﬁ otherwise, ©)

e {q if(g. k) >0

The inner product is rotation-invariant since (R, kR) = (g, k), making the entire clipping operation rotation-
invariant. Pooling layers and batch normalization are also designed to preserve direction information from the
input, ensuring the output remains rotation-equivariant throughout the whole model.
SE(3)-Equivariant Representation. Neural Descriptor Fields (NDFs) [151] produce continuous SE(3) mappings
from 3D object coordinates to descriptors (also referred to as feature vectors) for downstream manipulation tasks.
These descriptors remain consistent under any rigid transformation (rotation and translation). Formally, the
descriptor function f satisfies Equation 7, where (R, t) is an element of Group SE(3), and x is a 3D query point
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from the object point cloud P. NDFs use Vector Neurons to ensure SO(3)-equivariance, and they achieve SE(3)-
equivariance by combining VNNs with translation through mean-center shift x, — (% ﬁl x;), i=40,...,N},
ensuring the function only considers relative transformations of points for the point cloud, which remain constant
for rigid-body transformations. Relevant works such as Equivariant Descriptor Fields (EDFs) [143] extend NDFs
to be “bi-equivariant” to handle the situations where both the grasped object and placement target are moving
independently in 3D space. Additionally, Useek [180] enables manipulation of objects under arbitrary 6-DoF poses
by detecting SE(3)-equivalent keypoints. Moreover, Equi-GSPR [78] and SURFELREG [80] apply SE(3)-equivariant
features to point cloud registration, further improving the robustness of 3D perception.

SIM(3)-Equivariant Representation. Recent works [91, 183, 184] explore SIM(3)-equivariant learning, which
extends SE(3) to include scale, as illustrated in Equation 8. EFEM [91] introduces a SIM(3)-equivariant shape prior
learning using a Signed Distance Function (SDF) encoder-decoder: ® = ®(P), 4(x) = ¥(©, x). Here, ®isa
VN-based encoder that maps a point cloud P to a latent embedding ©, and ¥ predicts the SDF at query positions
x. Rotation and translation equivariance are ensured by VNNs and mean-centering, while scale equivariance is
enforced through channel-wise normalization.

Visuo-Tactile Perception. Tactile sensors enable robots to perceive friction and surface textures, allowing
precise grasping and dexterous in-hand manipulation. Unlike RGB-D cameras, which struggle to detect the shapes
of visually occluded objects, tactile sensors complement visual data through contact to address these limitations.
For example, NeuralFeels [158] and DIGIT 360 [90] integrate vision and touch in multi-fingered robotic hands,
enhancing spatial awareness by allowing the system to estimate the pose and shape of objects accurately, even
under visual occlusion.

3.4.2 Policy Learning. Recent advancements in embodied manipulation primarily focus on learning-based
methods, employing policies 7 (at1|st, at) to determine the next actions a4 (e.g., joint angles or positions) based
on the current state s; (e.g., visual or tactile data) and previous actions a;. These policies operate within the
Markov Decision Process (MDP) framework. Table 4 provides an overview of key policy learning methods, their
formulations, and references.

Reinforcement Learning (RL). RL algorithms are broadly classified into model-free and model-based. Model-
Free RL directly optimizes policies through trial and error without constructing an explicit model of the envi-
ronment. A well-known example is the Q-learning update rule in Equation 10, where s; and a; represent the
current state and action respectively, ry;1 is the received reward, y is the discount factor, and « is the learning
rate. In contrast, Model-Based RL builds a state model, represented as a transition probability function P(s’ | s, a),
which is then used for planning and decision-making, as illustrated by the value function equation in Equation
11. OpenAl [125] applied Model-Free Proximal Policy Optimization (PPO) [145] with an LSTM-based policy for
dexterous manipulation. This policy network interacts with a CNN-based pose estimation network to rotate
objects to specific orientations using a dexterous hand. The training process necessitates an extensive collection of
manipulation experiences in MuJoCo, incorporating randomization of physics-related parameters like friction for
sim-to-real transfer. Meanwhile, Nagabandi et al. [120] proposed a model-based RL approach, using a neural net-
work to approximate the state transition distribution pgy(s’|s, a) as the dynamics model within Model-Predictive
Control (MPC) for online planning. Both approaches rely on extensive trial and error, which is inefficient for
complex manipulation tasks.

Imitation Learning (IL). In contrast, Imitation Learning (IL) offers a more efficient approach for learning
complex tasks. IL uses demonstrations from experts to guide RL agents, similar to how human babies learn to hold
a spoon by mimicking their parents. For manipulation tasks, demonstrations can be acquired through various
approaches, including teleoperation on mobile or portable hardware [27, 50, 95, 173, 199], virtual reality (VR)
devices [25], or human demonstration videos [49, 58, 94, 122, 186]. A fundamental algorithm in IL is Behavior
Cloning (BC). In the MOMART framework [173], BC is applied to a mobile manipulation task. A demonstration
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Table 4. Overview of policy learning methods for manipulation, categorized into Reinforcement Learning (RL), Imitation
Learning (IL), Vision-Language Models (VLMs), and Vision-Language Actions (VLAs). For each method, the corresponding
formula and key references of methods under the categories are provided.

POLICY LEARNING

Category Formula References

Model-Free RL QO(sg,ar) «— Q(sg,ar) +a [rtﬂ +ymax Q(ss41,a’) — Q(st,at)] (10) [125, 145, 182]
o/

RL
Model-Based RL V(s) = max |R(s,a) + YZ P(s’ | s,a)V(s")] (11) [30. 54, 55,75,
2 g 120]
S
Behavior Clonin, 1
50) & o :argmginﬁ; 770 (0:) — ;]I (12) [47, 166, 173]
1L | Action Chunking Zl-c:ol W - éf,i)
with Transformer a; = l’? w; = exp(—m - i) (13) [25, 50, 199]
(ACT) Zisy Wi

[49, 58, 94, 122,

Learning from
& a= ﬁetarget(fpcse(o)) (14) 186]

human video

o ) 1 1-a; [26, 66, 105, 139,
Diffusion Polic a1 = — |a; — eg(as, t,0)|+orz, z~ N(0,I) (15
Y Ve Y Ve 0(ar.t.0) | + ot ©.1) (15) 194, 195]
VLMs 7 (Lact | 0, lins) (16) [39, 104, 189, 200]
14, 15, 17, 84
VLAs m(a| o,lins) (17) [14,15, 17, 84,

127, 171, 210]

dataset of mobile manipulation is first collected in simulation via a smartphone interface. This dataset comprises
episodes containing observations o and corresponding actions a at each timestep. BC is then used to train a
policy, parameterized by a Recurrent Neural Network (RNN), to generate a sequence of actions ay, . .., ag1-1
based on the observations. The optimization objective for BC is defined in Equation 12, where 7p refers to the
policy and 6 represents the policy parameters. A limitation of BC is that the prediction discrepancies in early
timesteps can lead the robot to shift out of the training distribution (compounding errors), making recovery
difficult. This issue is common in fine-grained manipulation tasks. To address this limitation, Zhao et al. [199]
introduced Action Chunking with Transformers (ACT) (formulated as Equation 13). Unlike BC, which predicts
a single action at each timestep, ACT generates a sequence of actions a4,k with length k using a transformer
network. It then ensembles overlapping action chunks with a decay parameter m to determine the final action by
computing a weighted average of the predictions from each action chunk ét(i), for each timestep t and from the
corresponding i-th overlapping chunk. Meanwhile, Feng et al. [45] employed Cross-Attention mechanisms to
integrate multimodal sensory inputs—such as auditory, visual, and tactile data—to produce manipulation actions.
Their cross-attention network is trained through supervised learning using human demonstrations. Moreover,
some studies combine IL with RL to harness the flexibility of RL and the sophisticated task planning ability
derived from IL [109, 121, 136]. This combination is useful for learning more complex tasks.
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A key challenge in IL is the scarcity of action data across various robot platforms. Recent studies address this
by leveraging large-scale human action videos to augment robot learning [49, 58, 94, 186]. These approaches
involve re-targeting human poses from videos to robot poses to expand datasets for policy learning (Equation 14).
Diffusion Policies (DPs). DPs [26] have gained significant attention as powerful approaches to IL. They leverage
Denoising Diffusion Probabilistic Models (DDPM) [59]—a framework designed to reverse a multi-step noising
process (denoise)—to generate action data for manipulation tasks based on observations such as 2D images. The
denoising process is formulated in Equation 15. Diffusion models excel in optimization for imitation learning (IL)
due to their stable training process and ability to achieve smoother optimization by breaking down the action
generation process into smaller, correctable steps. Building upon diffusion models, Liu et al. proposed RDT-1B
[105], which generalizes the output action space of diffusion policies to be compatible with different robot hardware
platforms, thereby enhancing the transferability of learned knowledge across various hardware configurations.
Furthermore, instead of relying solely on 2D representations, recent studies in diffusion policy focus on learning
point-cloud-based 3D representations to condition the action generation process. This architecture, termed 3D
Diffusion Policy [195], has shown superiority in extending manipulation tasks to more complex environments. It
is employed in numerous studies [66, 139, 194, 195], demonstrating improved performance and generalization in
diverse manipulation scenarios. Integrating diffusion models into policy learning allows the modeling of complex,
high-dimensional action distributions, thus enabling the learning of fine-grained manipulation.

Vision Language Models (VLMs). VLMs have demonstrated remarkable performance in vision-language
reasoning. Therefore, several studies have leveraged VLMs for mobile manipulation [39, 104, 189, 200] (Equation
16). For instance, EMMA [189] converts visual observations into textual descriptions and uses a Large Language
Model (LLM) to generate textual descriptions of actions for both navigation and object manipulation. Similarly,
PaLM-E [39] iteratively integrates text instruction tokens and embeddings generated from observation images
into the prompt for LLMs, enabling them to reason about the action descriptions required to accomplish tasks.
Additionally, for mobile manipulation, OK-Robot [104] first scans a home to create a navigation map containing
CLIP embeddings, then locates objects based on the correspondences between language instructions and the
CLIP embeddings. Next, the system navigates to the location using the A* algorithm and employs a pre-trained
AnyGrasp [43] to generate grasp proposals for manipulation. Furthermore, AlignBot [200] fine-tunes an LLaVA
[101, 102] to convert user preferences into instruction-formatted cues. When a user provides an instruction, these
cues are fed into GPT-4 [1] to generate a task plan, which is subsequently passed to an action policy, such as
AnyGrasp or Action Chunking with Transformer (ACT), for execution.

Vision-language-action models (VLAs). Robotics Transformer-1 (RT-1) [17] is the foundation of VLAs. It
tokenizes actions in the same format as language and outputs a set of actions, including position and rotation for
the gripper and base, from the instructions and observations to actions in an end-to-end transformer architecture.
VLAs extend this framework by enabling VLMs to generate low-level actions directly from complex high-level
instructions (Equation 17). RT-2 [210], the first VLA, combines high-level semantic understanding (PaLM-E,
learned from Internet-scale data) with low-level control (RT-1, learned from smaller-scale robot demonstrations).
It employs PaLM-E to break down instructions into steps for RT-1 to generate actions. Building on RT-2, RT-H
[13] introduces a language-motion hierarchy between language queries and action queries. In this framework,
RT-H learns two VLM-based policies: 7y, (I4c;|0, lins) and m;(alo, liys, laer), where o represents the observation
images, ;s is the language task description, [, is a language motion description (e.g., move arm forward), and a
represents the actions (position, orientation, gripper action, etc.). For fine-grained manipulation tasks, Pan et al.
[127] developed a framework that switches between VLA control and Diffusion Policy to handle both high-level
task planning and fine motor control. In this approach, OpenVLA [84] is used to approach the target object,
after which the policy switches to a Diffusion Policy for finer interaction and grasping, and then returns to the
VLA for planning the next action. A similar approach is adopted by Diffusion-VLA [171], which integrates LLMs
with diffusion models for fine manipulation tasks. Additionally, 7 [15] employs a flow matching technique to
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generate continuous motor actions in action chunks, allowing high-frequency execution for more precise motor
command generation. To address the challenges of agent generalization across robotic hardware, RT-X [31]
trains a generalist policy on the Open X-Embodiment (OXE) Repository, which includes data from 22 diverse
embodiments. The RT-X policy can be adapted to various robot hardware platforms. Following this, OpenVLA
[84] was developed as an open-source version of RT-X. Recently, a work called GROOT N1 [14] from NVIDIA
introduced a dual-system architecture for humanoid robots, combining a Vision-Language Module based on the
Eagle-2 VLM backbone [97] for semantic reasoning at 10 Hz and a Diffusion Transformer (DiT) module [131]
for action generation at 120 Hz. The model uses flow-matching loss to train on a dataset comprising web-scale
human videos, synthetic trajectories generated via physics simulators and neural video models, and real-robot
teleoperation data. GROOT N1 employs inverse dynamics models (IDM) to pseudo-label actions from unannotated
videos, enabling cross-embodiment training on tabletop arms and humanoids.

Equivariant Policy Learning. Both VLMs and diffusion policies do not explicitly learn to generalize geometric
transformations. EquivAct [184], in contrast, leverages the EFEM encoder [91] to learn a SIM(3)-equivariant
visuomotor policy from a small set of demonstrations. Specifically, EquivAct uses the encoder to obtain a SIM(3)-
equivariant representation from input observations, such as point clouds of the scene; the representation is
then fed into a VNN-based action network to produce end-effector commands (e.g., open/close and velocity).
The policy network is trained with human demonstrations. Additionally, Equibot [183] combines the same
SIM(3)-equivariant encoder with a SIM(3)-equivariant diffusion policy to handle multimodal training data and
predict future actions.

4 Future Directions

Efficient Learning. While Lin et al. [99] demonstrate that scaling data can enable single-task policies to generalize
to new environments and objects, such an approach contrasts with the efficiency in biological systems, where
humans and animals adapt rapidly to novel tasks with minimal experience. A promising avenue for future
research lies in developing algorithmic and system innovations to enhance learning efficiency, such as continual
learning, which has recently shown promise in enabling robots to learn from demonstrations continually, thus
reducing the need for extensive data per task [5, 202].

Continual Learning. Continual learning [23, 167] is critical for embodied agents to learn to adapt to dynamic
environments while retaining prior knowledge, particularly in VLN, where catastrophic forgetting poses a
challenge [98]. Emerging approaches involve replay mechanisms (e.g., Elastic Weight Consolidation (EWC) [85],
Meta-learning [46]) and memory architectures (e.g., Titans neural long-term memory modules [12]). Recent studies
further advance this area: NeSyC [29] introduces a neuro-symbolic continual learner that integrates neural and
symbolic reasoning for complex tasks in open domains, while Zheng et al. [203] provide a roadmap for lifelong
learning in LLM-based agents, emphasizing perception, memory, and action modules to enhance adaptability and
mitigate forgetting.

Neural ODEs. Embodied Al tasks (e.g., pouring liquids) require continuous dynamics modeling, challenging
for discrete methods. Neural ODEs [21] enable continuous state evolution, improving trajectory prediction and
control under variables such as object masses. Liquid networks [57] process irregular inputs (e.g., cameras) for
real-time adaptation. Though promising for precise manipulation, empirical validation remains essential.
Evaluation Metrics. Current evaluation metrics are overly goal-oriented (e.g., success rate, path length). We
advocate for procedural quality metrics inspired by human task execution, such as Energy efficiency (Minimize
energy expenditure) and Smoothness (Quantify abrupt changes in trajectory). Recent benchmarks, such as the
exploration-aware embodied question answering framework by Jiang et al. [77], expand this scope by emphasizing
exploration in task evaluation, providing a more comprehensive assessment of Embodied Al performance.
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5 Conclusions

In this survey, we have comprehensively explored Embodied Al focusing on navigation and manipulation
tasks. By consolidating advancements in methodologies, simulators, datasets, and evaluation metrics, we offer a
structured and detailed resource tailored for the EAI community. Our analysis underscores the critical role of
physics-based simulators, which enable agents to learn differentiable physics rules and bridge the sim-to-real gap
through precise physics modeling and photorealistic rendering. We have traced the methodological evolution in
navigation and manipulation, highlighting a marked shift toward data-driven foundational approaches such as
world models and vision-language-action models, reflecting a broader trend toward versatile, data-rich strategies.
Furthermore, by analyzing simulator features alongside hardware requirements, our survey empowers researchers
to select suitable tools that align with their computational constraints and research goals.
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