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ABSTRACT

Embodied Arti�cial Intelligence (EAI) Data Engineering represents a transformative shift in the
�eld of AI, focusing on developing systematic, standardized, scalable and goal-driven technical
frameworks to meet the data requirements of EAI systems. This comprehensive overview explores
the concept of EAI data, its production systems, standardization, production technologies, and
optimization directions in data engineering for EAI. It highlights the importance of addressing data
bottlenecks such as cost inef�ciency, data silos, and evaluation void. The key components of EAI
data engineering are outlined, including the design of data production systems, establishment of data
standards, real-world data collection technologies, and simulation data generation technologies. The
deployment and application of EAI data engineering in various �elds such as manufacturing, mining,
and the service industry are also explored. By providing an in-depth analysis of the current state of
EAI data engineering and offering insights into its future optimization directions, this survey aims to
serve as a valuable resource for researchers and practitioners in the �eld.

Keywords Embodied Arti�cial Intelligence� Data Engineering� Data Collection� Data Generation� Teleopration�
Simulation

1 Introduction

Embodied Arti�cial Intelligence (EAI) represents a transformative shift in AI, where intelligence is not just
computed but enacted—emerging through perception, interaction, and continuous adaptation in the physical world
[1]. A key trait of EAI systems is that they must operate in dynamic, uncertain, and multi-modal environments. This
fundamental difference places unprecedented demands on data: it must be temporally coherent, sensorily rich, causally
structured, and behaviorally relevant. The success of embodied agents hinges not merely on model architectures, but on
the depth, diversity, and structure of the data they are trained on [2]. Meanwhile, with a total addressable market size
over $10 tillion, data engineering has become a critical enabler of both scienti�c progress and economic impact [3, 2].

Scaling laws [4, 5] offer a guiding principle for the development of EAI: intelligence emerges from data. However,
unlike the vast amounts of data already accumulated in �elds such as Natural Language Processing (NLP) and
autonomous driving, the data required when robots enter homes, warehouses, and factories is fundamentally different—it
is data of physical interaction. The acquisition of such data, including motion trajectories, collision feedback, haptic
sensations, lighting conditions, and friction, faces exponentially increasing dif�culty and cost. Even tens of thousands
of hours of real-world robotic interaction data fall far short of the scale seen in Large Language Models (LLMs).
While LLMs consume trillions of tokens, the interaction data currently available for robots amounts to only a tiny
fraction—equivalent to just one in a hundred thousand of what LLMs process.

Therefore, the demand for EAI data has driven the rapid development of technology in this �eld in recent years.
As shown in Fig. 1, The current EAI data production exists in various modes, each with its own advantages and
disadvantages in terms of equipment costs, labor costs, scene limitations, and computational consumption. More
importantly, current methods are fragmented, unsustainable, and inconsistencies in data quality and universality, led



Figure 1: Current EAI data production methods are fragmented, unsustainable, and inconsistencies in data quality
and universality, led to the current EAI data bottlenecks. EAI data engineering represents a signi�cant shift from
opportunistic EAI data production to next generation EAI data production to solve EAI data bottlenecks.

to the current EAI data bottlenecks (which will be detailed in Section 2.3). Solving these bottlenecks requires the
use of systematic engineering methods to design new EAI data production pipelines. Therefore, we argue that data
engineering is no longer a support task, but the foundation upon which scalable and generalizable EAI will be built. By
mapping the current landscape and identifying methodological and infrastructural gaps, this survey aims to establish
EAI data engineering as a �rst-class research frontier. We advocate for a shift from opportunistic EAI data production
to systematic, standardized, scalable and goal-driven EAI data production, so as to unlock new opportunities for
reproducible research, robust generalization, and inclusive innovation in EAI.

1.1 Concept of Embodied Arti�cial Intelligence Data

The concept of EAI originated in Alan Turing's seminal 1950 paper, "Computing Machinery and Intelligence."[6]
In this paper, Turing envisioned two potential paths for the development of arti�cial intelligence: one focused on
abstract computational intelligence (e.g., playing chess), and the other involving equipping machines with sensors to
enable interaction with the physical world, humans, and their environment through a physical presence, hence achiving
scalability [7, 8]. The latter approach constitutes what we now refer to as EAI.

EAI data refers to the multimodal sensory inputs and behavioral outputs that enable intelligent agents to perceive
and interact with their environments. This data encompasses both physical-world observations collected by robotic
sensors (e.g., LiDAR, cameras, force-torque sensors) and synthetic data generated through simulation platforms. The
uniqueness of EAI data lies in its embodiment characteristics - it must capture spatiotemporal relationships between
agents' actions and environmental changes. Physical agents produce real-world operational data through task execution,
while digital agents generate simulated interaction data with programmed environments. Both data types share common
structuring requirements for temporal alignment, action-effect pairing, and contextual annotation, but differ in �delity
and collection scalability. EAI data serves as the foundational resource for developing embodied cognition models,
bridging the gap between abstract intelligence and physical/digital embodiment.

1.2 Related Surveys in the Field of Embodied Arti�cial Intelligence Data

As shown in Table 1, recent years have seen a surge in the publication of surveys related to EAI data. These
surveys cover a wide range of topics, from teleoperation techniques [10, 12] to the Simulators [9, 11] and datasets
[16, 17]. Notable contributions include comprehensive reviews on the use of internet video data for robot learning [14],
task planning and code generation [15], and the integration of generative arti�cial intelligence [20]. These reviews
highlight the rapid advancements and increasing complexity of data in the EAI �eld.



Table 1: Related Surveys in the Field of EAI Data
Title Year Publication Data Engineering Related Content

Toward next-generation learned robot manipulation [9]2021 SCIENCE ROBOTICS Data and simulation of manipulation
Teleoperation methods and enhancement techniques

for mobile robots: A comprehensive survey [10] 2021
Robotics and

Autonomous Systems Teleoperation enhancement techniques

A Survey of Embodied AI:
From Simulators to Research Tasks [11] 2022 IEEE TETCI

Simulation platform and
embodied question answering data

Teleoperation of Humanoid Robots: A Survey [12] 2023
IEEE Transactions

on Robotics
Teleoperation systems
for humanoid robots

Multiple Mobile Robot Task and
Motion Planning: A Survey [13] 2023

ACM
Computing Surveys Task and Motion Planning

Towards Generalist Robot Learning from
Internet Video: A Survey [14] 2024 ArXiv Learning from internet video data

Real-world robot applications of
foundation models: a review [15] 2024 ADVANCED ROBOTICS Task planning and code generation

A Survey of Imitation Learning: Algorithms,
Recent Developments, and Challenges [16] 2024

IEEE TRANSACTIONS
ON CYBERNETICS Datasets of imitation learning

Robot learning in the era of
foundation models: a survey [17] 2025 Neurocomputing

Datasets of manipulation, navigation,
planning, and reasoning

A Survey of Robotic Navigation and Manipulation with
Physics Simulators in the Era of Embodied AI [18] 2025 ArXiv

Simulators and benchmark datasets
of navigation and manipulation

A Survey of Interactive Generative Video [19] 2025 ArXiv
Task planning and policy learning via

generative simulation
Generative Arti�cial Intelligence in Robotic

Manipulation: A Survey [20] 2025 ArXiv
Data, image, code, policy

generation for manipulation

foundation for the production, management, and utilization of data in EAI. By proposing EAI Data Engineering, we
can address the unique challenges and opportunities in this interdisciplinary �eld more effectively. A dedicated survey
would not only synthesize the latest advancements and trends but also identify gaps and future directions, facilitating
more ef�cient and effective research and development efforts.

1.3 Embodied Arti�cial Intelligence Data Engineering

As shown in Fig. 2, EAI data originates from various sources, ranging from the broadest category of internet
data, to the intermediate layer of simulation data (including synthetic data), and �nally to the rarest real-world data,
forming the EAI data pyramid. Different EAI technological approaches have varying requirements for these types of
data. EAI data engineering refers to a systematic technical framework designed to address the data requirements of EAI,
encompassing the entire lifecycle of data production from design and development to management. Its core objective is
to establish high-quality, multimodal datasets through standardized data collection and generation. Speci�cally, this
engineering discipline covers the following key components:

Design of EAI Data Production Systems:The design of data production systems for EAI involves planning and
constructing a framework capable of ef�ciently and accurately acquiring multimodal data tailored to the needs of robots.
This design must comprehensively consider factors such as sensor con�gurations, data types, data collection frequency
and precision, as well as data storage and preprocessing methods [21, 22].

Establishment of EAI Data Standards:EAI data standards refer to a set of norms and guidelines formulated to
ensure the quality, consistency, and interoperability of data within EAI. These standards cover aspects such as data
formats, annotation methods, quality control, privacy protection, and the integration of multimodal data, aiming to
provide a uni�ed framework for data collection, generation, storage, and sharing [23, 24]. By establishing clear data
standards, the usability and reliability of data can be improved, fostering data sharing and collaboration across different
systems and platforms.

Development of Real-World EAI Data Collection Technologies:They involve methods for directly acquiring
multimodal data from physical environments using sensors, cameras, microphones, and other devices. These technolo-
gies capture information such as the robot's visual, auditory, tactile, and motion, as well as environmental objects,
scenes, and human behaviors, providing realistic data support for EAI models [25, 26, 27].

Development of Simulation EAI Data Generation Technologies:They involve creating high-�delity, diverse
virtual environments and task scenarios through virtual simulation platforms to generate multimodal data. Leveraging
advanced 3D modeling, physics engines, and generative arti�cial intelligence, these technologies can rapidly produce
large volumes of high-quality training data, simulating various interactions and dynamic changes in the real world
[28, 29, 30].

Application and Optimization: They involve designing and implementing data production solutions tailored to
the speci�c needs of industries or domains such as healthcare, industrial manufacturing, and education. By continuously
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Figure 2: The components of EAI data engineering and the outline of this survey

optimizing data collection processes and systems, this approach aims to improve data quality, reduce costs, and enhance
data availability and real-time performance [31, 32, 33].

This survey will introduce the content of EAI data engineering in the above order. Speci�cally, Section 2 begins
with an overview of the foundations of EAI data engineering, Section 3 discusses EAI data production systems, Section
4 explores EAI data standards, Section 5 examines real-world EAI data collection technologies, Section 6 delves





Table 2: Overview of Training Methods, Data Types, Typical Datasets, and Typical Models of Data Demanders
Data demanders Foundation Models Skill Models General Policy Models End-to-End Models

Training Methods GP, SFT, RLHF, DPO, .etc. RL, IL, .etc. RL, IL, GP, SFT, .etc. GP, SFT, RLHF,
DPO, RL, IL, .etc.

Data Types Internet data,



the design, manufacturing, and purchasing of data collection devices. They also cover robot adaptation, site
maintenance, and long-term human resource investment. Although some video demonstration data reduces
the cost of real-world data collection, and simulation and synthetic data provide significant supplementation,
the cost of collecting high-quality teleoperation data is still prohibitive. Reducing this cost requires further
technological innovation and optimization of data collection processes.

• Data Silos. The use of various data collection devices and technologies makes it difficult to gather data in a
unified format across diverse scenarios, tasks, and robot bodies. As a result, EAI datasets are isolated from
each other. This makes it difficult to share and integrate data across different systems. The absence of EAI
models that can generalize across different robot bodies means that datasets will continue to exist in isolated
states. Building more universal and compatible EAI models and data standards is necessary to break down
these data silos and enhance data sharing and utilization efficiency.

• Evaluation Void. There is a lack of standards and theoretical guidance in the data collection process. It is
hard to assess whether the collected data effectively enhances the value of the dataset. This leads to blind
data collection, redundant construction, and waste of resources. Developing more scientific and reasonable
evaluation metrics and standards is essential to improve data quality and promote the healthy development of
EAI data engineering.

The cost inefficiency, data silos, and evaluation void are the three data bottlenecks in EAI. The purpose of EAI
data engineering is to collect high-quality human demonstration and robot perception at a low cost across as many
scenarios, tasks, and robot bodies as possible, in order to construct high-quality EAI datasets. EAI data engineering is
designed to address these three bottlenecks.

3 Data Production Systems Design for EAI

The first step in conducting EAI data engineering is to design an EAI data production system. EAI data production
consists of two aspects: real-world data collection and simulation data generation. Real-world data collection involves
robots interacting directly with the external environment through sensors in actual settings to gather operational data
and environmental feedback. This method can provide authentic and direct data. Simulation data generation refers to
creating data through computer simulations or generative models. The primary advantage of this method is the ability
to rapidly produce large amounts of data, thereby reducing costs.

The design of data production systems is crucial for addressing the EAI data bottleneck of cost efficiency.
Effective EAI data engineering must strike a balance between high-fidelity real-world data collection, which provides
invaluable insights but can be resource-intensive, and scalable, diverse simulation generation, which offers flexibility
and scalability at a potentially lower cost. By integrating these two approaches, data production systems can optimize
the trade-offs between data quality, cost, and scalability, thereby enhancing the overall efficiency and effectiveness of
EAI data engineering.

3.1 Real-World Data Collection Systems

Real-world data collection systems can be categorized into teleoperation-based data collection systems (tele-DCS)
and teaching-based data collection systems (teach-DCS), depending on the different methods of data collection. A more
detailed classification and introduction of real-world data collection technologies will be provided in Section 5. Here, a
brief introduction to their system architecture design will be given to help readers understand the basic principles of
system operation.

3.1.1 Teleoperation-Based Data Collection Systems

As shown in Fig. 4, the basic hardware architecture of tele-DCS mainly consists of five major components.
Teleoperation devices are used to output control parameters and receive feedback data, including control devices (such
as joysticks for robot movement and direction control), display devices (such as monitors or virtual reality headsets),
and a computing unit for processing operator inputs and feedback data. Communication devices are responsible for
transmitting control parameters, feedback data, and collected data between the teleoperation devices, robot execution
devices, data collection devices, and storage devices, ensuring low-latency and high-bandwidth communication.
Execution devices, namely robots, are responsible for executing the operator’s commands. Data collection devices
obtain multimodal data of the robot and its environment in real-time, divided into sensors installed inside and outside
the robot (the latter not always necessary), including visual, force, pose, and environmental sensors. Storage devices
save the collected data to support subsequent analysis and playback, such as local storage devices and cloud storage.
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Figure 4: The basic architecture of real-world data collection systems and simulation data generation systems

3.1.2 Teaching-Based Data Collection Systems

Teach-DCS are used to record the teaching actions of human. The core purpose of teaching is to record the
movements, postures, and environmental interaction information from robot (directly) or human (indirectly). Fig. 4
illustrates the hardware structure of a teach-DCS. It is more simplified compared to tele-DCS. Teaching devices can
be categorized into three types, with the specific choice depending on factors such as task requirements, operational
precision, environmental adaptability, and cost: (1) The robot itself as the teaching device, where operators directly
manipulate the robot to complete the teaching tasks; (2) A part of the robot as the teaching device, such as the end
effector of a robotic arm or a specific sensor module; and (3) Teaching devices or teaching data separate from the robot,
where operators collect human teaching data using external devices, such as cameras or motion capture systems.

3.2 Simulation Data Generation Systems

Simulation data generation systems (SDGS) are tools used to simulate robot behavior in virtual environments and
generate multimodal data. Compared to real-world data collection systems, they are pure software systems that omit the
hardware part in development, offering advantages such as low cost and ease of use.

Generally speaking, SDGS do not exist in isolation but are part of a robot simulation system. In addition to data
generation functions, a robot simulation system may also include functions for training, testing, and deploying models
of robot perception, decision-making, control, and more. This section will not introduce the entire robot simulation
system but will focus solely on the data generation aspect. As shown in the Fig. 4, the system is composed of multiple
hierarchical key components.

3.2.1 Simulation Engine

The simulation engine is the core of the entire system, responsible for simulating the behavior of robots in a virtual
environment. It includes a dynamics physics engine that simulates the physical behavior of robots interacting with the
environment, including various forces such as gravity, friction, elasticity, and inertia, and their effects on the robot’s
motion state, ensuring that the physical phenomena in the simulation conform to real physical laws. Additionally, it
features a graphics rendering engine that converts three-dimensional models or scenes into realistic two-dimensional
images based on computer graphics and visual perception theories. This engine uses geometric data, texture data,
lighting data, and other inputs to generate images that conform to real visual perception. Optionally, the system may also
include a generative world model that generates descriptions and predictions of various scenarios, objects, and behaviors
in the real or virtual world. This model simulates the physical properties and dynamic changes of the environment,
providing decision-making support and behavioral planning capabilities for EAI agents.

3.2.2 Digital Assets

Digital assets are the basic elements of the simulation environment and include environment assets, robot assets,
and sensor assets. Environment assets modeling involves the digital construction of terrains, buildings, indoor layouts,
outdoor scenes, and various objects that robots may interact with and operate on. This requires not only accurate
geometric shapes and dimensions but also the simulation of physical properties such as materials, textures, lighting,
and shadow effects to ensure visual and physical realism. Robot assets modeling is divided into geometric modeling,
which focuses on the robot’s shape, structure, and position by determining its coordinate system, link lengths, and
joint angles, and dynamics modeling, which analyzes the robot’s kinematic and dynamic characteristics under physical
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conditions such as forces, motion, and acceleration. Sensor assets modeling aims to generate a mathematical model that
accurately reflects the relationship between sensor inputs and outputs, including the functional relationships between
mechanical behavior, displacement, strain, stress, or vibration characteristics and the measured quantities. These models
can simulate the working principles of devices such as cameras, radar, and force sensors, as well as their interactions
with robots or other objects.

3.2.3 Platform Modules

The construction of a simulation platform requires the addition of various platform modules. Here, only three core
modules are introduced. Other non-core modules, such as the graphical user interface and communication modules, are
not discussed here. The asset editor allows users to create, edit, and manage digital assets in an intuitive manner. The
script editor allows users to write and edit scripts that control the behavior of the simulation. These scripts can define
the actions of robots, dynamic changes in the environment, responses of sensors, etc. The data storage module saves
various data generated during the simulation process.

3.2.4 System Interfaces

The simulation platform only provides a general digital modeling platform, and a SDGS can only be constructed
by designing corresponding interfaces on its basis. These interfaces serve as the bridge for interaction between the
system and external models, environments, or users. The User Interface allows the simulation platform to exchange data
with external systems or users, defining the rules and protocols for data transmission to ensure that different systems or
applications can be interconnected and exchange data, achieving data sharing and information interoperability. The
Agent Interface enables the simulation platform to integrate various types of agents, such as robots controlled by LLMs,
thereby achieving automated and intelligent processing of complex tasks, including path planning, high-level semantic
understanding, long-range reasoning, and more. The Policy Interface can be connected to various robot policy models
and algorithms, allowing users to control the behavior of robots or agents based on specific models, rules, or conditions,
such as path planning under a specified policy or bimanual coordination under a specified trajectory generation policy.

4 Standardization for EAI Data

The standardization of EAI data is crucial for addressing the EAI data bottlenecks of data silos and
evaluation void. In the intricate tapestry of EAI ecosystems, where diverse data sources and formats often lead
to fragmented and incompatible datasets, standardization acts as the unifying thread. It harmonizes data structures,
facilitates seamless interoperability, and ensures that datasets from various origins can be integrated and utilized
cohesively [56]. Moreover, standardization provides a common framework for evaluating data quality and utility,
thereby filling the evaluation void and enabling more reliable and consistent assessments of EAI models. The
standardization of data in EAI can be divided into multiple aspects. This section will first introduce the classification of
EAI datasets. Subsequently, it will propose standardization directions for EAI datasets.

4.1 Classification of EAI Datasets

EAI datasets can be classified as shown in Fig. 5. Among these, demonstration datasets and embodied question-
answering (EQA) datasets can be used for training EAI models or agents. The former is primarily utilized for training
the "System I", while the latter is used for training the "System II". Both types of datasets can also be combined for
end-to-end model training. On the other hand, benchmark datasets are generally not involved in the training of EAI
models but are instead used more for evaluating the performance of agents.

4.1.1 Demonstration Datasets

Demonstration datasets typically consist of a series of operational or movement examples that robots can learn from
to acquire the skills needed to complete tasks. These can be further divided into manipulation demonstration datasets
and locomotion demonstration datasets. The former focuses on robots learning how to perform tasks by observing
human or robot manipulation behaviors, while the latter is centered on robots learning how to move and perform
actions in space. Table 3 and Table 4 present statistical information on common demonstration datasets currently in use,
respectively.

• Manipulation Demonstration Datasets (MDD). Manipulation refers to a series of actions performed by humans
or robots on objects, such as grasping, moving, rotating, placing, or adjusting the posture and position of
objects to complete specific tasks. MDD usually contain a series of manipulation videos or action sequences
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Figure 5: EAI datasets classification

Table 3: Common Manipulation Demonstration Datasets
Dataset Data Form Data Scale Data Modality Year

GraspNet-1Billion[57] Real 97,280 images and 1.2B grasping RGB-D 2020
RoboNet[58] Real 162k trajectories and 15 million frames Color Images 2020

ACRONYM[59] Simulated 17.7M parallel grasping pairs Point Cloud 2021
BridgeData[60] Real 7,200 demonstrations RGB-D 2021

AKB-48[61] Real 100K generated RGB-D images RGB-D 2022
BC-Z[48] Real 25k demonstrations and 18k human video RGB 2022
RT-1[62] Real 130k robot demonstrations RGB 2022

Grasp-Anything[63] Simulated 1M samples and 600M grasping Text / Image 2023
GAPartNet[64] Simulated 8,489 instances Point Cloud / RGB-D 2023
ManiSkill2[65] Simulated 4M demonstration frames Point Cloud / RGB-D 2023
ARNOLD[66] Simulated 10,080 demonstrations Text / RGB-D 2023

DexArt[67] Simulated 6K point clouds for each object Point Cloud 2023

BridgeData V2[51] Real 60,096 trajectories, 50,365 teleoperation
demonstrations, 9,731 deployments

RGB-D, Audio,
Text and Haptic 2023

Open X-Embodiment[23] Real 22 types of robots, over 1 million
trajectories, 527 skills

Force Sensing Information /
Point Cloud / RGB-D 2023

RH20T[68] Real
147 tasks, 42 skills, 10,000 robot

operation sequences and 110,000 corresponding
human demonstration videos

RGB, Depth,
Binocular Infrared,

Haptic, Audio
2024

DROID[69] Real 76k trajectories and 350 hours of interaction RGB-D 2024

ARIO[24] Real &
Simulated 258 series and 321,064 tasks RGB-D, Audio,

Text and Haptic 2024

RoboMIND[70] Real &
Simulated

55,000 robot trajectories, 279 tasks,
61 types of objects Text / RGB-D 2024

AgiBot World[71] Real Over 1 million trajectories of over
100 robots, over 100 scenes in five domains RGB-D, Haptic 2025

carried out by humans or robots. These actions are meticulously recorded and annotated so that robots can
analyze and learn how to execute these actions through machine learning algorithms. Since most manipulations
are based on grasping, some MDD may exclusively contain grasping data.

• Locomotion Demonstration Datasets (LDD). LDD focus on recording and providing full-body motion control
data of robots or organisms when performing movement tasks, such as walking, running, jumping, crawling,
and their variants under different environments and conditions. By capturing and recording key frames,
joint angles, velocities, accelerations, and other information during the movement process, LDD provide the
foundation for robots to learn how to move in three-dimensional space and maintain balance. Most current
LDD are used for humanoid robots to meet specific task requirements.

The construction of MDD is a systematic process. It begins with defining clear manipulation tasks, then designing
corresponding experimental scenarios in the real world or simulation environments. Data on robot-environment
interactions are collected using teleoperation technologies, among others. These data are subsequently labeled and
analyzed to extract key features and interaction patterns, ultimately being organized into a comprehensive dataset that
includes information on environmental states, robot actions, object properties, and task outcomes. The sources of
motion data in LDD mainly come in three forms: motion capture data, video-based human motion estimation, and
synthetic data.
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Table 4: Common Locomotion Demonstration Datasets
Dataset Year Data Source Data Scale Modalities

Human3.6M[72] 2014 Motion capture 3.6 million frames of
3D human pose data

2D and 3D skeletal joint positions,
depth images, and video sequences

KIT Motion-
Language Dataset[73] 2016 Motion capture 3,911 actions with 6,278

natural language annotations 3D skeletal joint positions, text

AMASS[74] 2019 Motion capture Over 300 subjects and
more than 11,000 movements 3D skeletal joint positions

HumanAct12[75] 2020 Synthetic 1,191 3D motion clips,
totaling 90,099 poses 3D skeletal joint positions

HumanML3D[76] 2022 Motion capture &
Synthetic

14,616 actions and
44,970 descriptions 3D skeletal joint positions, text

Humanoid-X[77] 2024 Pose estimation 163,800 action samples
Videos, text descriptions, 3D human poses,

humanoid robot key points,
and robot action sequences

Table 5: Common Embodied Question-Answering Datasets
Dataset Year Q&A Type Q&A Mode Data Form Answer Type Scale

EQA v1[78] 2018 SRD Active EQA Simulation Open-ended 5,000+
VideoNavQA[79] 2019 TPD, SRD Episodic Memory EQA Simulation Open-ended 101,000

SQA3D[80] 2022 TPD, SRD QA only Real Multi-choice 33,400
K-EQA[81] 2023 SRD Active EQA Simulation Open-ended 60,000

EgoPlan-Bench[82] 2023 TPD, SRD Interactive EQA, Active EQA Real Open-ended 4,900+
OpenEQA[83] 2024 TPD, SRD Active EQA, Episodic Memory EQA Simulation Open-ended 1,600+
HM-EQA[84] 2024 SRD Active EQA Simulation Multi-choice 500

S-EQA[85] 2024 SRD Active EQA Simulation Binary -
MARPLE[86] 2024 TPD, SRD Episodic Memory EQA Simulation Multi-choice -
MFE-ETP[87] 2024 TPD, SRD Interactive EQA Manual 1,000+
RoboVQA[43] 2024 TPD, SRD QA only Real Open-ended 829,502

EmbSpatial-Bench[88] 2024 SRD Interactive EQA, Active EQA Real Open-ended 3,640
EmbodiedCity[89] 2024 TPD, SRD QA only Simulation Open-ended 50,400

V-IRL[90] 2024 SRD QA only Real Multi-choice -
VSI-Bench[91] 2024 SRD QA only Real Single-choice 5,000+

4.1.2 Embodied Question-Answering (EQA) Datasets

EQA datasets are designed to train and evaluate a robot’s ability to understand and answer questions related to the
environment or tasks. These datasets are crucial for enhancing the interactivity and intelligence of robots. They can be
further categorized into spatial reasoning datasets and task planning datasets. The former focuses on spatial cognition
and reasoning, including the understanding and inference of object positions, orientations, and spatial relationships.
The latter contains questions and answers that helping robots learn how to plan action steps based on given goals and
constraints.

Since spatial reasoning is the foundation of task planning, task planning datasets generally include spatial reasoning
datasets, but spatial reasoning datasets do not necessarily include task planning datasets. Table 5 presents statistical
information on common EQA datasets currently in use.

• Spatial Reasoning Datasets (SRD). SRD focus on enhancing agents’ abilities to understand and manipulate
objects in three-dimensional space. These datasets consist of a series of queries about object positions,
orientations, and spatial relationships. Agents need to verify these spatial relationships through perception or
exploration of the environment. The purpose of SRD is to train agents for precise spatial localization and path
planning, which is essential for robots navigating and operating in complex environments. The functions of
these datasets include providing rich spatial relationship information, simulating various spatial layouts, and
evaluating agents’ accuracy and efficiency in processing spatial information.

• Task Planning Datasets (TPD). TPD provide a structured environment for agents to learn how to decompose
complex tasks into a series of executable steps. These datasets typically include task descriptions, goals,
constraints, and possible action plans. Agents learn how to effectively plan and execute tasks through
interaction with the environment. The purpose of TPD is to train agents in decision-making and resource
allocation to achieve specific goals. The functions of TPD include providing diverse task scenarios, simulating
different environmental conditions, and evaluating agents’ adaptability and efficiency.

The key steps in constructing an EQA dataset include selecting appropriate environment data (synthetic or real)
and simulating the environment using a simulator (or directly operating based on the environment data); designing
diverse question templates that cover various scenarios and object attributes; generating specific questions through
programming or manual means, which can be assisted by rule-based methods or LLMs; determining the correct answers
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Table 6: Common Benchmark Datasets
Dataset Year Type Data Form Agent Sensors Supported Tasks

nuScenes[a38.71 696.14 Td [(Dataset)]TJ
ET
q
1 0 0 1 187.489 693.748 cm
0 0 cm
q
12(Dataset)]TJ
ET
q
1 02q.’47 696.14 Td [(Y)111(ear)]T8.71 696.14 Td [(Dataset)]TJ
ET
q
1 0 0 1 187.489 693.748 cm
0 0  S
Q672(Dataset)]TJ
2020529 696.14 Td [(T)74(ype)]T8.71 696.14 Td [(Dataset)]TJ
ET
q
1 0 0 1 187.489 693.748 cm
0 0224.7912(Dataset)]TJ
ND239 696.14 Td [(Data)-250(F8.71 696.14 Td [(Dataset)]TJ
ET
q
1 0 0 1 187.489 693.748 cm
0 0262rte52(Dataset)]TJ
Real296 696.14 Td [(Agent)]TJ
E8.71 696.14 Td [(Dataset)]TJ
ET
q
1 0 0 1 187.489 693.748 cm
0 020 7 387(Dataset)]TJ
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Figure 6: The entire lifecycle of EAI data and its corresponding three standardization phases

As shown in Fig. 6, the data in EAI training datasets originates from the execution processes of single or multiple
robots performing different tasks in real or simulated environments. The construction of EAI datasets encompasses
acquiring EAI data streams via data collection and generation technologies, followed by a series of post-processing
steps, including classification, alignment, annotation, cleaning, and structuring. Through distinct construction processes,
EAI data is shaped into both training datasets and benchmark datasets. Subsequently, after training the EAI model with
the training data, it is imperative to utilize the EAI benchmark dataset for rigorous testing and evaluation. This sequence
of activities constitutes the entire lifecycle of the EAI data experience. The standardization of this process involves
three phases: metrics, structural, and quality assessment.

4.2.1 Metrics Standardization for EAI Datasets

The metrics standards are used to ensure the reliability and usability by setting minimum quality requirements
for the production process [51, 70]. These standards encompass several key aspects: spatial metrics standards, which
include the spatial motion (angular) resolution and accuracy of the robot itself and its joints, as well as the spatial
perception resolution and accuracy of sensors; temporal metrics standards, which cover the duration of samples, the
temporal resolution of the data, and temporal accuracy (system time synchronization error, data acquisition delay,
temporal offset and drift error between different modalities of data); and other metrics standards, which involve the



Figure 7: The classification of real-world data collection technologies for EAI

silos cannot be eliminated solely through improvements in RWDCT. Synchronized development of general models and
robot bodies is also required to achieve this goal.

RWDCT for EAI can be categorized into teleoperation-based and teaching-based data collection. As shown in
Fig. 7, these categories can be further divided into various specific methods. All technologies discussed in this section
essentially involve the construction of the demonstration datasets introduced in Section 4.1.1.

5.1 Teleoperation-based Data Collection Technologies

Teleoperation, or telerobotics, refers to a method where a human operator controls a robot or mechanical system
from a distance. The prefix "tele-" implies remote operation, allowing the operator to manipulate the robot’s actions
from a distant location. As shown in Fig. 7, teleoperation can be categorized into three types.

5.1.1 Pose-based Teleoperation Technologies

Pose-based teleoperation refers to the method where a human operator remotely controls a robot using devices that
directly record pose data. These devices convert pose signals into control signals for the robot’s movements. Among
remote operation devices, pose-based systems are the most diverse. They can range from simple handheld controllers
to wearable devices such as gloves, motion capture suits, or exoskeletons, and isomorphic teleoperation robots that
form a master-slave structure with the controlled robot. Therefore, as shown in Fig. 7, these technologies can be further
subdivided into three categories.

• Handle-based Teleoperation: Typically, such devices feature a simple structure and transmit the pose parame-
ters of the end effector to the robot solely through a joystick-like device, such as HATO [107].

• Wearable Teleoperation: Such devices are generally presented in the form of exoskeletons and offer greater
intuitiveness and naturalness, as it allows operators to directly control the robot through their own body
movements, such as AirExo [108] and ACE[109].

• Isomorphic Teleoperation: Isomorphic teleoperation refers to the real-time replication of movements between
two identical robots, such as Mobile ALOHA[25], GELLO[110], and HOMIE[111]. This involves setting one
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robot as the master (operator) device and the other as the subordinate device. Since the dynamic structures of
the two robots are identical, the complexity of control and motion replication is significantly reduced.

5.1.2 Visual-based Teleoperation Technologies

Visual-based teleoperation refers to the process of capturing an operator’s movements using visual sensing
technologies (such as RGB-D cameras) and then converting these movements into control commands to manipulate a
robot. This method directly maps human actions to robot actions, allowing operators to easily and intuitively control
robotic systems. It is suitable for cost-saving scenarios with lower precision requirements, such as DexPilot[112],
AnyTeleop [113], HumanPlus[114], and DIME [?].

5.1.3 Optical-Inertial Teleoperation Technologies

Optical-inertial teleoperation is a sophisticated approach that integrates optical motion capture systems with inertial
measurement units (IMUs) to remotely control robots. This method leverages the respective advantages of wearable
teleoperation and vision-based teleoperation technologies to achieve more accurate, reliable, and continuous tracking of
the operator’s movements. Typical optical-inertial teleoperation systems include motion capture systems, virtual reality
(VR)-based teleoperation platforms, and other integrated forms, such as Bunny-VisionPro [115], OmniH2O[114], and
Mobile-TeleVision[116].

5.2 Teaching-Based Data Collection Technologies

Teaching-based data collection refers to the process where a human operator performs a task or a series of tasks,
and the teaching data is then used to guide the robot in performing similar tasks. As shown in Fig. 7, teaching-based
data collection methods can be divided into two categories.

5.2.1 Direct Teaching Technologies

Direct teaching, also known as hand-guided teaching, is characterized by its intuitive operation, making it suitable
for simple teaching tasks. It does not require additional hardware, resulting in lower costs. However, its drawbacks
include low teaching efficiency and limited applicable scenarios. Specific implementations of direct teaching include
the following:

• Drag Teaching: Physically manipulates the robot’s joints or end-effector to desired positions through manual
guidance. It has been widely applied in various industrial robotic arms and assistive robotic arms.

• Teach Pendant Teaching: Allowing operators to directly control or program the robot via a handheld teach
pendant, such as buttons, knobs, and touchscreens.

In terms of usage, teach pendant teaching is somewhat similar to handheld-based teleoperation. However, there are
key differences. Teach pendant teaching is suited for programming setups and scenarios requiring precise control, with
operators interacting directly and in close proximity to the robot. In contrast, handheld-based teleoperation emphasizes
flexibility and safety, enabling remote, real-time control of the robot by the operator. A more intuitive distinction is
that teach pendants are typically specialized devices manufactured according to robot vendor specifications, while
handheld-based teleoperation devices are usually third-party, general-purpose tools, adhering to different interface
standards and communication protocols.

5.2.2 Indirect Teaching Technologies

In indirect teaching, operators no longer directly manipulate the entire robot. In the field of data collection for EAI,
three common indirect teaching methods exist:

• End-Effector Teaching: It involves operators completing teaching tasks by controlling the robot’s end-effector,
such as UMI [26] and Fast-UMI [117]. They transform the end-effector into a universal manipulation interface,
enabling humans to hold it independently for data collection. Compared to using the entire robot for data
collection, using only the end-effector allows for convenient data acquisition in various open environments.
As a result, this technique is also referred to as "in-the-wild" data collection.

• Motion Capture Teaching: It refers to the process where an operator wears motion capture devices (such as
data gloves [27] and motion capture suits [118]), and the system records the operator’s movements to serve as
teaching data for robots.
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Figure 8: The improvement directions in real-world data collection technologies

• Human Video Teaching: It is an emerging robotic learning method aimed at completing complex tasks by
imitating human behavior, without the need for manual programming or extensive robot data collection. The
core of this approach lies in using human video demonstrations as a source of knowledge, enabling robots
to understand and execute tasks while demonstrating strong generalization capabilities [119, 120]. This
technology may be more cost-effective than expert demonstrations performed by robots [121, 122].

There is an essential difference between the data collected through indirect teaching and teleoperation: Indirect
teaching collects human data, while teleoperation collects robot data. Indirect teaching data may not precisely correspond
to robot movements and may not guarantee the usability of the collected data. For example, the range of motion in
indirect teaching data may exceed the robot’s workspace, or lacks tactile data. In contrast, teleoperation directly maps
human actions to the robot and it can obtain all robot data.

It should be noted that the above technical classifications are not absolute. A data collection system can integrate
multiple collection technologies (for example, HOMIE is an integration of wearable teleoperation and isomorphic
teleoperation). In practice, people need to make comprehensive choices for the optimal data collection methods based
on various aspects such as the adopted technical approach, collection efficiency, and cost.

5.3 Improvement Directions in Real-World Data Collection Technologies

5.3.1 Improvement Directions in Teleoperation-based Data Collection Technologies

Teleoperation is the most widely used method for data collection, directly producing robot data with significant
research focus on its improvement. As shown in Fig. 8, improvements can be categorized into three main directions:

Hardware System Improvements aim to enhance the specialization and compatibility of teleoperation hardware
systems. Specialization focuses on better adaptation for specific robot types, such as bimanual robots [123], quadruped
robots [124], grippers [125], dexterous hands [126, 127], and humanoid robots [128, 129]. Compatibility improvements
aim to work with various robot types [130, 131]. Software System Improvements are dedicated to simplifying
teleoperation software adaptation and reducing user operational complexity. Examples include integrating multiple
human-machine interaction interfaces [132, 133], improving device compatibility [134], and incorporating built-in
motion mapping strategies to avoid singularities [135]. Interaction Strategy Improvements aim to address the
inherent unreliability of human movements, which can introduce delays, jitter, and errors in teleoperation. To collect
high-quality data, various strategies have been proposed: Policy assisting humans involves using existing policy models
to autonomously perform repetitive actions during data collection or correct unreliable human teleoperation behaviors
online, requesting human input only when uncertain [136, 137, 138]. Humans assisting policy leverages policy models
to perform repetitive actions, with humans correcting and updating the model when it produces unreliable behaviors
[139, 140, 141, 142, 143]. Bidirectional assistance combines these two modes, and may even incorporate adversarial
strategies [144, 145, 146, 147].

5.3.2 Improvement Directions in teaching-based Data Collection Technologies

Teaching, especially indirect teaching, offers greater flexibility as it is not constrained by the robot’s physical
form. The focus of its improvement lies in leveraging this advantage while ensuring data quality. As shown in Fig. 8,
improvements can be categorized into three main directions:
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In-the-Wild Data Collection aims to develop affordable, lightweight, and user-friendly hardware devices for
efficient data collection in open environments, such as exoskeletons and universal manipulation interface. The former
focus on lightweight design [148] and wider variety compatibility of dexterous hands [149, 150]. The later focus
on developing more versatile hardware and software systems, such as lighter structures [151], tactile supporting
[152, 153, 154, 155], dexterous hands supporting [156, 157], join policy assistance [158], and adaptability to other
robot forms [159, 160]. Human Video Learning focuses on more accurately and comprehensively learning human
manipulation fundamentals from videos, such as precise first-person perspectives [161], fine tool operations [162], and
generalization capabilities [163]. And Augmented Reality enhances human demonstrations’ compatibility with robot
dynamics, such as overlaying simulated robots onto the operation view using VR headsets [164, 165] or pads [166].

6 Simulation Data Generation Technologies for EAI

Simulation data generation refers to the process of generate data related to robot interactions within a simulated
environment. This data serves as an important supplement to real-world data collection. The improvements of
simulation data generation technologies (SDGT) is crucial for addressing the EAI data bottleneck of cost
efficiency and data silos. The emergence of data silos in real-world data is significantly attributable to the absence of a
unified data collection technology, which inherently exacerbates the discrepancies among diverse datasets. In contrast,
SDGT can effectively mitigate these disparities to a considerable extent, thereby expanding the coverage across various
scenarios, tasks, and robot bodies.

6.1 Introduction to Robotic Simulation Platforms

Over the past decade, the evolution of modern robotic simulation platforms can be categorized into two directions:

• Realistic Visual Rendering: This direction has been primarily driven by the demands of the film and gaming
industries. In this area, simulation platforms focus on integrating advanced graphics tools to achieve photoreal-
istic rendering of simulated scenes, such as Unity [167], Unreal Engine [168], and CryEngine [169]. These
simulation platforms can improve the visual generalization ability of trained models. However, they may lack
sufficiently realistic dynamics simulation, limiting their application in robotic simulations.

• Realistic Dynamics Simulation: This direction has been primarily driven by the research needs of academic
institutions. In this area, simulation platforms emphasize integrating advanced dynamics solvers to achieve re-
alistic physics simulations in virtual environments, such as MuJoCo [170], NVIDIA’s PhysX [171] framework,
Gazebo [172], and PyBullet [173]. However, early versions of these platforms often neglected visual realism,
making them less suitable for the emerging field of EAI.

With the recent rise of EAI, many simulation platforms have begun to integrate realistic visual rendering with
accurate dynamics simulation. For example, NVIDIA’s Isaac series [174] combines its expertise in game rendering
and robotic dynamics simulation, providing an excellent simulation environment for robots, so as SAPIEN [175] and
Genesis [176].

6.2 Simulation Data Generation Classification for EAI

On the one hand, simulation data generation for EAI requires the use of computer simulation technologies to create
virtual environments and scenarios that mimic the physical processes and interactions in the real world. On the other
hand, it involves importing real-world data into the simulation platform and using algorithms, statistical models, or
real-world data to synthesize new data that is statistically similar to real data. As shown in Fig. 8, simulation EAI data
generation technologies can be divided into four types.

6.2.1 Trajectory Synthesis

It is used to generate trajectory data for the robot’s body or end-effector in a simulation environment. The main
process of trajectory synthesis includes path planning and motion control, which involves generating smooth, continuous,
obstacle-avoiding paths from an initial position to a target position while ensuring that the body or end-effector moves
accurately along the planned trajectory, satisfying constraints such as velocity, acceleration, and jitter. In practice, there
are two main approaches:

• Virtual Teleoperation-Based: Virtual teleoperation refers to generating robotic behavioral control data by
sending remote control commands to the simulation platform via teleoperation devices. Virtual teleoperation
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Figure 9: The classification of simulation EAI data generation technologies

allows operators to directly generate demonstration data within simulation environments, which can serve as
seeds for subsequent large-scale data generation, such as MimicGen [28].

• Policy Model-Based: Compared to manually synthesizing trajectory data through virtual teleoperation, using
an existing policy model to automatically synthesize large amounts of data in a simulator offers significant
efficiency improvements and can construct a powerful data flywheel, such as DexMimicGen[177].

6.2.2 Asset Synthesis

It refers to the creation of virtual scenes and objects, particularly interactive objects in simulation environments,
using generative AI and related technologies to support the training, simulation, and evaluation of robots. Asset
synthesis is typically based on real-world scenes or objects to avoid generating arbitrary assets that deviate from reality.



• Task Decomposition: It is a prerequisite for executing complex tasks, which involves breaking down task goals
into a series of actionable sub-goals. This usually requires the use of LLM to perform reasoning and analysis
based on input information and to formulate specific action plans in conjunction with a task planning module,
such as COWP [182] and EAIB [183].

• Code Generation: It involves transforming natural language instructions into executable program code to
achieve precise control over robot behavior. This typically requires the use of LLMs to generate control code,
such as GenSim [184] and RoboCodeX [185]. Alternatively, the LLM can generate executable control code
after completing task decomposition, based on the results of that decomposition.

Decision generation technology is widely applied in navigation tasks, complex task execution, and human-robot
collaboration. For example, VLN models generate motion directions and target position information based on language
descriptions and visual observations to guide robots in completing navigation tasks. The decision generation process is
typically implemented through an agent, which integrates the LLMs into the simulation data generation system via the
agent interface described in Section 3.2.4 to produce corresponding decision data.

6.2.4 Prediction Generation

The model’s understanding of the physical world is often difficult to measure, so it is typically translated into the
model’s ability to predict the development of events or the changes and outcomes resulting from its interactions with
the environment. To train this ability, on the one hand, a large amount of real-world data capturing physical change
processes is required. On the other hand, specialized generation tools are needed to produce synthetic data that is
difficult to collect in the real world. The latter approach is known as prediction generation technologies. This section
further divides them into two categories:

• Generative Model-Based Approaches: They are increasingly being used in the field of EAI to generate richer
and more realistic interaction scenarios. Specifically, these models are applied in human motion generation to
produce human motion videos for robot policy learning, enabling robot manipulation strategies to generalize
to new tasks [186]. Additionally, generative models are used for robot motion generation, creating video
predictions of different robot embodiments in various scenes and tasks [187].

• World Models-Based Approaches: In this section, the term "world model" specifically refers to generative
world models. These are technologies that utilize generative models to create virtual worlds, simulating the
physical laws, dynamic changes, and interactive behaviors of the real world. The core of generative world
models lies in their ability to generate rich, interactive virtual environments from minimal inputs, such as
Genie [188] and Cosmos [189].

6.3 Improvement Directions in Simulation Data Generation Technology

As shown in Fig. 10, generated data serves as an effective supplement to real data, with rapid progress in several
key areas. For Enhanced Data Generation, more simulation and synthetic data are generated based on existing real or
simulation data. This includes Real2Sim, which efficiently generates simulation data from real-world teleoperation
demonstrations to better learn skills [190, 191] and achieve scene generalization [192]; Sim2Syn, which generates
synthetic data from human demonstrations in simulation environments to conform to physical laws [193], learn
skills [194, 195], and generalize scenes [196]; Asset Generation, which produces higher precision assets [197, 198],
richer morphological and visual diversity [199, 200, 201, 30], and more controllable generation [202]; and Decision
Generation, which enhances reasoning accuracy through stricter physical constraints [203] and chain-of-thought
techniques [204, 205].

For Human Demonstration Data Conversion, human operation demonstration data is directly converted into robot
operation data in simulation environments. This includes Real2Sim conversion of real human operation demonstrations
(e.g., bimanual dexterous operations from various perspectives) into simulation data to avoid cumbersome teleoperation
[206, 207, 208, 209]; and Sim2Syn synthesis of robot operation data in simulation environments based on human
demonstrations, further eliminating the need for real data collection [210, 211].

Finally, World Simulators focus on end-to-end simulation by constructing better world models, emphasizing
richer generation [212], more realistic reconstruction [213], more realistic interaction experiences [214], and perception
that conforms to physical laws [215].

While simulation data offers substantial reductions in equipment and labor costs, it necessitates confronting the
escalating computational expenses and the persistent sim2real gap. The sim2real gap arises fundamentally from the
inherent limitation that simulations can only asymptotically approach, but never fully replicate, the complexities of the
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Figure 10: The improvement directions in simulation data generation technologies

real world. This asymptotic approximation may also be subject to scaling laws, implying that the cost of achieving
higher fidelity in simulations could increase disproportionately. Consequently, merely enhancing simulation precision
may not suffice to bridge the gap. A more effective strategy might involve constructing a world model that incorporates
the sim2real gap as a learnable component, enabling the use of simulation outcomes to predict real-world behaviors
more accurately.

The decision of whether to employ simulation data, and if so, determining the appropriate scale and proportion
for its integration, remains an open and complex question within the field. These questions necessitate a multifaceted
approach, involving the coordinated development and maturation of various technologies over an extended period.
Only through such efforts can we hope to arrive at well-informed and effective solutions that balance the benefits and
limitations of simulation data in relation to real-world applications.

7 The Application and Optimization of EAI Data Engineering

The application of EAI Data Engineering can be delineated into three distinct phases: the analysis of data
requirements within specific application domains, the selection of appropriate data production methods, and the
optimization of concrete deployments. Accordingly, this section will unfold discussions from these three perspectives,
offering guidance to practitioners in the field.

7.1 Data Requirement Analysis of Industry and Service Industry

As shown in Table 7, applications in different fields have varying requirements for the core capabilities of EAI,
and thus their most prioritized data needs also differ. This section defines the industrial field as covering four sectors:
manufacturing, mining, utilities (including electricity, heat, gas, and water production and supply), and construction.
Robots in these four fields are referred to as industrial robots. Generally, manufacturing robots are distinguished from
robots in the other three subfields, which are collectively referred to as special robots.

Manufacturing robots have specific capability requirements to meet the demands of modern production processes.
They need to possess autonomous learning and adaptability, enabling them to automatically adjust their operational
processes in response to changes in tasks. In precision manufacturing sectors, such as electronics and semiconductor
production, high-precision motion control capabilities are essential. Additionally, manufacturing robots must be able to
quickly switch between production tasks to minimize changeover time.

Special robots, on the other hand, face unique challenges that require different capabilities. They need to have
high environmental adaptability to operate in extreme conditions, such as high temperatures, high pressures, and toxic
or hazardous environments. These robots must also be capable of executing complex tasks with higher uncertainty,
such as disaster rescue, power inspection, and space exploration. Furthermore, special robots must prioritize safety and
reliability to ensure stable operation in hazardous environments [216].

As listed in the Characteristics in Table 7, the industrial field is characterized by the fact that centuries of
development have standardized the scenarios, tools, objects, and operations as much as possible. The remaining
challenge is how to use EAI to generalize to the parts that are not standardized. Therefore, the application of EAI
data engineering should focus on goal-driven producing the corresponding prioritized data according to the
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Table 7: Goal-Driven Data Requirement Analysis of Industry and Service Industry
Field Subfield Characteristics Core Capability Requirements Most Needed Data

Industry

Manufacturing Standardized scenarios,
tools, objects, and operation

Production line adaptability,
high-precision motion control

Domain knowledge data,
manipulation data, and asset data

Special
field

Mining Non-standardized scenarios,
tools, objects, and operation

High environmental adaptability,
safety and reliability

Domain knowledge data,
manipulation and locomotion data

Utilities
Non-standardized scenarios,
but standardized tools,
objects, and operation

High safety and reliability,
customization,
autonomous decision-making

Domain knowledge data,
manipulation data,
locomotion data, and asset data

Construction
Standardized scenarios and
tools, but non-standardized
objects and operation

High environmental adaptability,
safety and reliability

Domain knowledge data,
manipulation data,
locomotion data, and asset data

Service
Industry -

Highly diverse and
dynamic, with different
sub-sectors having
varying requirements
for robot capabilities

Strong perception,precise
motion control, autonomous
decision-making, emotion
recognition, continuous learning
and adaptation

Common sense data,
manipulation and locomotion data,
decision-making data,
human-robot interaction
and empirical data

characteristics and core capability requirements of different industrial fields, and improve the corresponding
production efficiency.

The application fields of service industry include wholesale and retail trade, transportation, storage and postal
services, accommodation and catering services, education, health and social work, culture, sports and entertainment,
and healthcare. In the service industry, which is highly diverse and dynamic, with different sub-sectors having varying
requirements for robot capabilities, the demands for the dynamics performance of robots and the intelligence of EAI
models are both very high. As a result, the need for all types of data is almost equally important. To this end, data
production in the service industry needs to be closely synchronized with the development of robot bodies and
EAI models, and progress in tandem within the loop of "production-training-testing-improvement-reproduction".

7.2 Selection of EAI Data Production Methods

The choice of EAI data production methods is pivotal for the efficiency and effectiveness of data acquisition, as
illustrated by the comparative analysis in Table 8. Each method presents unique advantages and challenges across
various parameters such as equipment cost, labor cost, computational cost, application scope, productivity, data
availability, and diversity. Understanding these attributes is fundamental for goal-driven selecting the most appropriate
method for specific EAI applications.

Teleoperation-based data collection methods, offer medium to high data availability and diversity, making them
suitable for applications requiring a broad spectrum of data. However, these methods also come with high labor costs
and varying productivity levels, which might not be feasible for all projects. Especially, the application of teleoperation
may be limited by the scenario, for example, the master-slave structure of isomorphic teleoperation may prevent robots
from entering narrow spaces.

Indirect teaching-based methods offer a balance between high productivity and medium to high application scope.
These methods are particularly useful for tasks that benefit from direct human demonstration. The medium to high
data availability and diversity ensure that these methods can support a wide array of learning algorithms and models.
However, this demonstration data cannot fully guarantee data availability, as the motion trajectories of the demonstration
data may exceed the robot’s workspace, causing data availability deterioration.

Simulation data generation stands out with its high application scope and productivity, thanks to its low compu-
tational and labor costs. This method is particularly advantageous for scenarios where real-world data collection is
impractical or too costly. However, as discussed in Section 6, the sim2real gap remains a formidable barrier that is
currently difficult to overcome, which diminishes data availability.

In conclusion, the choice of EAI data production methods should be guided by a thorough evaluation of the specific
needs of the application, including the required data quality, diversity, and the available resources. The core concept in
selecting data production methods is to achieve the highest productivity while covering the broadest range of
target scenarios.

7.3 Optimization Directions of EAI Data Engineering

The field of EAI is still in rapid development. The current issues in EAI data engineering, as outlined in Section
2.3, revolve around the bottlenecks in EAI development. Any other technical issues can be traced back to these three
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Table 8: Comparison of characteristics of different EAI data production methods when producing the same amount of
data

Technical type

Real-World Data Collection Simulation
Data

Generation

Teleoperation-based Teaching-Based
Pose-based Visual-

based
Optical-
Inertial

Direct
Teaching

Indirect Teaching
Handle-
based Wearable Isomorphic End-

Effector
Motion
Capture

Human
Video

Equipment cost Medium Medium High Medium High - Medium Medium - Low
Labor cost High High High High High High Medium Medium - Low

Computational cost - - - Low Low - Low Low High High
Application scope Medium Medium Low Medium Medium Low High High High High

Productivity Low Medium Medium Medium Medium Low High High - High
Data Availability High High High High High High Medium Medium Low Medium

Data diversity Medium Medium Medium Medium Medium Low High High High High

bottlenecks. However, breaking through these three bottlenecks requires systematic efforts, including the optimization
of systems, standards, hardware, software, and applications.

• Systematic EAI Data Production System: This system should have high compatibility in both software and
hardware to accommodate various data collection devices, robots, and simulation platforms. It needs to offer
efficient data compression and transmission capabilities, along with a rich set of tools for automated dataset
construction, storage, labeling, and management. Such a platform would streamline data production processes,
improve data quality and usability, and support diverse EAI applications and research.

• Scalable EAI Dataset Standards: This involves defining unified data formats, annotation methods, and quality
evaluation criteria. Standardized datasets enable better data sharing and exchange across different research
institutions and enterprises, promote collaboration and integration in the EAI field, and facilitate comparative
analysis and evaluation of different algorithms and models.

• Integration of Data Production and Model Training and Testing: It focus on one-to-many teleoperation data
collection, enabling simultaneous data collection from multiple robots or environments through a single
operation. Integrating online learning into automated data production allows the system to continuously learn
and adapt. Additionally, optimizing large-scale data parallel transmission to improve bandwidth utilization can
enhance the efficiency and scalability of real-world data collection systems.

• EAI Data Production with Real-Sim Collaborative: It focuses on narrowing the sim2real gap and employs
bidirectional data enhancement to improve model generalization. Additionally, it supports interactive learning•



capabilities, covering system design, data standardization, collection, generation, and application. The challenges
inherent in EAI Data Engineering, while formidable, present opportunities for innovation and improvement. The
development of systematic EAI data production platforms, scalable standards, integration of data and model, real-sim
collaborative, goal-driven production, and open data trading platforms are identified as key directions for future progress.
These advancements are poised to enhance the efficiency, quality, and applicability of EAI data, thereby propelling the
field forward.

To realize the full potential of EAI, the industry must shift from opportunistic data use to systematic, standardized,
scalable and goal-driven EAI data engineering. As we look to the future, the continuous evolution of EAI Data
Engineering will be instrumental in unlocking the full potential of embodied intelligence. By fostering collaboration
across academia, industry, and government, and by leveraging cutting-edge technologies, we can surmount existing
barriers and create more intelligent, adaptive, and human-centric robotic systems. The ultimate goal is to develop
EAI systems that can seamlessly integrate into our daily lives, enhancing productivity, safety, and quality of life. This
review serves as a testament to the dynamic and promising nature of EAI Data Engineering, inviting researchers and
practitioners to contribute to this transformative journey.
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