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 A B S T R A C T

Embodied Artificial Intelligence (EAI) is increasingly seen as a promising route toward flexible automation, 
also in industrial operations. Yet the term is used inconsistently, and existing surveys often address isolated 
components rather than the combined role of embodiment, learning, perception, action, data, and industrial 
deployment constraints. This paper presents a PRISMA-guided systematic literature review of recent EAI 
research in industrial operations. We first consolidate the terminology of EAI and define four guiding 
characteristics: embodiment, learning, perception-action coupling, and situated intelligence. Based on this 
framework, we introduce a manipulation-mobility matrix for classifying physical embodiments and analyze 
the reviewed literature across industrial applications, research focuses, hardware forms, input and output 
modalities, learning architectures, datasets, simulation environments, and training paradigms. The results show 
that current research is dominated by assembly and manufacturing scenarios, stationary robotic arms, vision- 
and language-based interfaces, and modular foundation model-centered architectures. However, tightly coupled 
sensorimotor learning, tactile and force feedback, situated intelligence, and validated real-world deployment 
remain limited. This review clarifies the current state of industrial EAI and identifies the key gaps that must 
be closed to enable scalable deployment in industrial operations.
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1. Introduction

Artificial Intelligence (AI)-driven technologies are omnipresent be-
yond our everyday life. This surge was initially driven largely by the 
success of natural language chat systems based on Large Language 
Models (LLMs), especially ChatGPT in 2022, which dominated the 
discourse [1]. Over the past two years, however, this interest has 
expanded significantly and is no longer limited to disembodied AI. 
Instead, Embodied AI (EAI) is increasingly taking center stage, with 
a particular focus on humanoid robotics [2]. While LLMs primarily 
function as chatbots and virtual assistants for end users [3,4], examples 
of EAI are most prominently found in the form of mobile service robots 
for domestic assistance, such as autonomous cleaning systems [5] and 
research platforms performing household chores like autonomously 
tidying up cluttered rooms [6] and folding laundry [7].

In the context of EAI, current discourse highlights a potential 
paradigm shift, envisioning the automation or fundamental transfor-
mation of manual tasks in production environments [8]. While actual, 
widespread industrial use cases are still rare at present, some early pilot 
projects already demonstrate immense potential. Promising examples 
include the deployment of humanoid robots at the BMW plants in 
Spartanburg and Leipzig [9] and the technological developments in 
industrial robotics by Hyundai in collaboration with Boston Dynam-
ics [10]. These examples show that manufacturing companies are 
increasingly exploring EAI to automate tasks previously deemed eco-
nomically unfeasible. The core novelty of EAI lies in its ability to learn 
and adapt to complex operations without the extensive effort required 
by prevailing methods, e.g., traditional programming. By offering this 
flexibility, these systems could potentially help mitigate persistent 
labor shortages, e.g., in warehousing, logistics, and highly variable 
production environments.

The increasing recognition of this industrial potential is also re-
flected in the academic literature. As illustrated in Fig.  1, the number of 
both original research articles and review papers dedicated to EAI has 
surged between 2020 and 2025. This growth underscores the transition 
of EAI from a theoretical concept to a primary focus of applied robotics 
research. This momentum is particularly visible in human–robot collab-
oration for manufacturing, where recent work targets intention percep-
tion, imitation-based skill transfer, and collaborative assembly [11,12]. 
Assessing the viability of EAI in manufacturing requires analyzing 
five core components. First, the specific industrial applications impose 
strict precision and safety constraints. Second, the physical embodiment 
dictates the system’s capabilities. Third, the chosen learning strategies 
determine how the system acquires skills. Fourth, specialized datasets 
and simulations are required to bridge domain gaps such as the sim-
to-real gap. Finally, diverse input modalities are essential to map 
environmental perception to reliable execution.

Table  1 outlines the thematic scope of recent review papers, re-
vealing a strong focus on isolated EAI components rather than broader 
2 
application in industrial operations. For instance, several recent works 
provide overviews of EAI frameworks or object-centric manipulation, 
but do so without considering the strict operational constraints of 
industrial environments [13–15]. Other reviews concentrate heavily 
on the role of foundation models in robotics, yet they often abstract 
away from the physical realities of diverse embodiments or domain-
specific training pipelines [16,17]. Even when industrial use cases are 
briefly acknowledged, such as in the multi-domain taxonomy of AI 
agents by Piccialli et al. [18], the analysis remains highly generalized. 
Consequently, the critical intersection of multimodality, datasets, learn-
ing paradigms, and morphological hardware required for industrial 
operations has yet to be systematically synthesized.

To address the identified gaps in the existing literature reviews, this 
paper focuses specifically on the industrial context. Unlike previous 
surveys, this review systematically examines all core technological 
components of EAI. This entails a detailed analysis of physical embod-
iments and input modalities alongside the underlying mechanisms for 
perception, learning, and action. By synthesizing these elements, this 
paper provides a current overview of the state of EAI for practitioners 
and researchers. Specifically, the main contributions of this work are:

• Terminology and Architecture: We explicitly define the core 
characteristics of industrial EAI and detail its structural compo-
nents.

• Manipulation-Mobility Matrix: We present a taxonomy to clas-
sify EAI hardware based on dexterity and locomotion capabilities 
of the embodiment.

• Systematic Literature Review (SLR): We conduct a PRISMA-
guided review to assess the state of EAI in industrial operations 
from manufacturing, assembly, and logistics to Maintenance, Re-
pair, and Overhaul (MRO). The results of this SLR can be divided 
into two main categories:

– Current Landscape of Industrial EAI: We map the dis-
tribution of current research across industrial applications, 
research focuses, and physical embodiments, while eval-
uating the application of the EAI terminology within the 
field.

– Challenges: By analyzing perception-action coupling, the 
integration of diverse sensory modalities and outputs, and 
prevailing training paradigms, we identify the primary tech-
nological challenge (e.g., the over-reliance on decoupled 
foundation models) preventing scalable industrial deploy-
ment.

The remainder of this work is structured as follows: Section 2 
establishes the terminology and physical taxonomy of EAI. Section 3 
details the PRISMA-guided review methodology. The findings of our 
SLR are presented in Section 4. Section 5 synthesizes the core insights, 
followed by final remarks on challenges in Section 6.
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Fig. 1. Number of original research and review papers from 2020 to 2025 addressing EAI. The list of original papers is provided in Appendix  A.2. The included 
original papers discuss EAI in an industrial context. Note: This graph excludes 8 original papers published in 2025 but listed for 2026.
Table 1
Recent surveys/reviews in EAI (2020–2025).
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 H. Liu et al. 2025 Embodied Intelligence: A 

Synergy of Morphology, 
Action, Perception and 
Learning [13]

ca. 
1990–2025

Propose a unified EAI Framework 
(M-A-P-L) and organize work based 
on this structure, as well as 
reviewing the development of EAI.

7 3 RL, F 7 V, L, O, MM  

 Y. Zheng et al. 2025 A Survey of Embodied 
Learning for Object-centric 
Robotic Manipulation [14]

2021–2025 Systematic map of embodied learning 
for object-centric manipulation from 
perception to policy to task 
execution, plus datasets, metrics, 
applications, and open problems.

(P) 7 RL, IL, F 3 V, T, (MM)  

 Y. Liu et al. 2025 Aligning Cyber Space With 
Physical World: A 
Comprehensive Survey on 
Embodied AI [15]

2007–2025 Overview of EAI across robots, 
simulators, and four core targets 
(embodied perception, interaction, 
agents, sim-to-real).

7 3 F, (RL, IL) 3 V, L, MM  

 F. Picialli et al. 2025 AgentAI: A comprehensive 
survey on autonomous agents 
in distributed AI for Industry 
4.0 [18]

2014–2025 Multi-domain taxonomy of agentic AI 
for Industry 4.0, unify 
non-autonomous and fully 
autonomous agents, review of core 
technology (LLMs/VLMs, RL, 
Transformer), path forward to 
Industry 5.0.

P 7 RL, F, O 7 V, L, O  

 J. Duan et al. 2022 A Survey of Embodied AI: 
From Simulators to Research 
Tasks [19]

2016–2020 Survey of EAI for exploration of 3D 
space (visual exploration, visual 
navigation, embodied question 
answering) and benchmark of 
simulators.

7 (3) RL 3 V, L, O  

 Z. Xu et al. 2024 A Survey on Robotics with 
Foundation Models: toward 
Embodied AI [17]

2021–2024 Provides a comprehensive, up-to-date 
overview of how foundation models 
are used in robotics, especially for 
autonomous manipulation.

7 7 3 3 V, L, O  

 2026 Ours 2020–2025 Systematic review of core EAI 
approaches for industrial 
applications, providing a holistic 
overview of physical embodiments, 
input/output modalities, datasets, 
and learning mechanisms to guide 
practical and academic development.

3 3 3 3 3  

Summary of the thematic scope of recent surveys and reviews. The column ‘Industrial Application’ indicates whether industrial use cases are discussed; P denotes partial coverage. 
‘Embodiment’ indicates whether different physical embodiments are explicitly considered or compared. ‘Learning’ categories surveyed by the review papers in the context of EAI 
are RL — reinforcement learning, IL — imitation learning, F — foundation models such as LLMs, VLMs, or VLAs, and O — other learning approaches. ‘Input Modalities’ are V — 
vision, L — language, T — tactile, O — other, and MM — multimodal input. Listed abbreviations indicate categories explicitly addressed by the review; omitted categories are 
outside its scope or not analyzed separately. ‘Datasets’ indicates whether datasets are explicitly addressed. A 3  in the ‘Learning’ or ‘Input Modalities’ column indicates that the 
paper covers all listed categories for that column.
3 
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2. Fundamentals

Before presenting the SLR, we establish a common understanding 
of what constitutes EAI in the scope of this work. We first present 
the historical evolution of the term EAI, outlining its definition for 
the remainder of this work. We then examine the architecture of 
an EAI system. Further, we explore the diverse spectrum of physical 
morphologies an EAI system can inhabit by classifying them along 
a manipulation-mobility matrix. Together, this section provides the 
necessary terminology and structure for the subsequent SLR to evaluate 
current EAI approaches in industrial operations.

2.1. Terminology and characteristics

In recent years, EAI has emerged as a concept across diverse re-
search domains, ranging from cognitive science to foundation models 
and advanced robotics. However, this widespread adoption has led to a 
significant fragmentation of its definition. Different authors frequently 
employ the term to describe entirely different paradigms, often deviat-
ing substantially from its original intended meaning. For instance, some 
modern interpretations use EAI merely as a buzzword to denote any 
AI deployed on hardware, neglecting the foundational principle that 
intelligence should fundamentally emerge from the interaction between 
a physical body and its environment. To navigate this ambiguity and 
establish a baseline for this SLR, we examine the historical evolution of 
the concept. By tracing EAI back to its theoretical origins, we ground 
the definition for the rest of this work.

Already in 1950, Turing argued that, rather than trying to program 
an adult-level intelligent machine, one could produce a machine that 
simulates a child’s mind and educate it until it reaches adult-level 
intelligence. During education, rewards and punishments shape the 
child’s behavior. However, the first attempts to build and teach a 
child-level program will likely fail, which is why multiple attempts 
are required, and the outcomes must be judged. This closely follows 
how evolution works. He further concludes that instead of structurally 
searching for the best solution, introducing randomness inside the 
machine imitates mutations, which, faster and less computationally 
expensive, leads to a more satisfactory solution, also known as evo-
lutionary search [20]. Turing describes the basic building blocks of 
modern EAI without specifically using the terms. Later, in 1987, R. 
Brooks states that human-level intelligence cannot be decomposed into 
modelable subpieces, including also that we have no deeper knowl-
edge of the interfaces between them [21]. Instead, he concludes that 
intelligence can emerge from incrementally learning by being and 
reacting. L. Smith formulates that into the embodiment hypothesis, 
stating that ‘‘intelligence emerges in the interaction of an agent with an 
environment and as a result of sensorimotor activity’’. She relates this to 
how a baby learns to reach human-level intelligence at one point [22], 
which closely follows Turing’s idea.

While Brooks uses the noun embodiment, Smith speaks of embodied 
intelligent agents; the definition of the specific term embodied (arti-
ficial) intelligence is ambiguous, or, in other words, the definition of 
what a system makes embodied is described differently [23]. Table 
2 lists various EAI ‘‘definitions’’ and characteristics. In early works, 
the term EAI was used epistemologically and formed methodologies 
of how to build an intelligent system, including a heavier influence 
of biologically inspired and materially grounded approaches [24–26]. 
Later, starting with the deep learning revolution in the mid 2010s, the 
term was especially used to describe the physical presence compared to 
virtual intelligent systems, while, after the rise of foundation models, 
using it as a distinction from ‘‘Internet AI’’, where learning solely 
happens on virtual data, gained importance [27].

Regardless of early or later works, an EAI system has some form of 
embodiment situated in the real world. Further, intelligence emerges 
from interaction with the environment as described in both early [22,
25] and most recent [13] works. This characteristic differentiates EAI 
4 
from Physical AI, where the coupling of the embodiment and learning is 
not mandatory. Thus, Physical AI is an overarching category, defining 
an intelligent system that has some physical representation, regardless 
of an embodiment, which allows for a higher level of intelligence 
through learning. As an example, a vision system that detects specific 
objects in camera images, which is mounted on a robot, will not reach 
a higher level of intelligence when not allowed to learn in the specific 
embodiment, e.g., learning that moving the camera to the left or right 
will allow for a larger field of view.

While some of the recent works define EAI with a single describing 
broader sentence [15,23,28], others allow fulfilling multiple charac-
teristics to different extents when defining an EAI system [13,29], as 
detailed in Table  2. We will follow the latter approach and define 
EAI in terms of specific characteristics that describe what makes a 
system embodied intelligent. Thus, we can review the literature with 
its slightly different EAI definitions and characteristics, and map them 
to ours. The criteria will therefore be used to systematically review the 
literature. Rather than checking for ‘‘hard’’ requirements, we will assess 
the degree to which each paper addresses the specific dimensions of 
EAI. We intentionally depart from definitions that equate embodied 
intelligence with biologically inspired mechanisms, or other integra-
tions, e.g., cognition is integrated within physical entities, as some 
works discuss [24,25], since these approaches and concepts are far 
apart from ongoing research and development around real-world use 
cases in the industrial domain. Based on the previous outline, historical 
developments, and manifestations of the term EAI, we will use the 
following four characteristics for the rest of this work:

• (A) Embodiment: The necessity of a physical or simulated body. 
Without a body, intelligence remains ‘‘disembodied’’ (e.g., pure 
LLMs).

• (B) Learning: Besides the embodiment, learning is the fundamen-
tal module required to achieve a higher level of intelligence, as 
already described by Turing [20]. If there is no learning within 
an environment or within the embodiment, the field transitions 
into Physical AI, e.g., a trained perception stack controls a robot, 
while the type of robot is exchangeable. We further distinguish 
between:

– (B.a) Embodied Learning: Focuses on learning within the 
constraints and capabilities of the specific morphology (e.g., 
motor skills, joint limits). This often requires high-fidelity 
simulation or real-world training.

– (B.b) Environmental Interaction: Learning through active 
engagement with external stimuli. The distinction between 
(a) and (b) allows for a more granular analysis of how an 
agent acquires knowledge.

• (C) Perception and Action Coupling, which is the result of 
Brooks’s [21] and Smith’s [22] EAI hypothesis, as outlined above.

– (C.a) Dynamic Sensorimotor Feedback: Perception is not 
static; it changes as a direct result of the agent’s actions 
(e.g., an ‘‘ego-centric’’ camera mounted on the robot vs. 
a static ceiling camera). This includes tactile sensing and 
proprioception.

– (C.b) Model-Level Integration: The coupling occurs within 
the architecture itself. The ‘‘intelligence’’ between percep-
tion (input) and action (output) is deeply integrated and not 
a (set of) modular, swappable ‘‘planner’’ blocks as seen in 
classical robotics.

• (D) Situated Intelligence: The ability of an agent to understand 
its environment in a specific context [13]. Example: A vacuum 
robot demonstrating situatedness does not merely perceive a 
‘‘gap’’ (doorway); it understands the semantic transition of mov-
ing from one room into another one. This implies a higher level 
of spatio-temporal awareness.
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Table 2
Uses and meanings of EAI in literature.
 Authors Year Title EAI definition  
 R. Pfeifer et al. 2003 Embodied Artificial Intelligence: Trends 

and Challenges [24]
EAI is defined as the paradigm using the three-step method: (1) understanding biological systems, (2) 
based on it, abstracting general principles of intelligent behavior, and (3) applying the gathered 
knowledge to build an intelligent system. 

 

 R. Chrisley 2003 Embodied artificial intelligence [25] Outlines that there are different approaches to EAI based on the notion of the embodiment: sole 
physical realization and physical/organismoid/organismal embodiment, which classification stems 
from cognitive science [30]. 

 

 T. Froese et al. 2009 Enactive artificial intelligence: 
Investigating the systemic organization 
of life and mind [26]

EAI is presented as a paradigm that moves away from traditional, computationalist AI and instead 
focuses on agents that are physically situated in the real world. The authors present multiple design 
principles that EAI practitioners use. These are more broadly, including, e.g., ‘‘parallel, asynchronous, 
partly autonomous processes, [which are] largely coupled through interaction with the environment’’. 
Further, they discuss enactive AI, which is named as an evolution of EAI. In enactive AI, rather than 
adding a value system to the AI that ‘‘motivates’’ it, an enactive AI system has an intrinsic motivation 
to learn. 

 

 N. Roy et al. 2021 From Machine Learning to Robotics: 
Challenges and Opportunities for 
Embodied Intelligence [23]

Takes the definition from [31] for robotics and alters it to define EAI as ‘‘the purposeful exchange of 
energy and information with a physical environment’’. 

 

 Y. Ma et al. 2025 A Survey on Vision-Language-Action 
Models for Embodied AI [28]

Describes EAI as ‘‘a unique form of artificial intelligence that actively interacts with the physical 
environment’’, whereas robots are one of the most prominent embodiments within the field. 

 

 Y. Liu et al. 2025 Aligning Cyber Space With Physical 
World: A Comprehensive Survey on 
Embodied AI [15]

Defines EAI by its operation within physical space, where cognition is integrated into physical entities 
such as robots, cars, and other devices, compared to disembodied AI, where cognition and physical 
entities are disentangled. 

 

 L. Ren et al. 2025 Embodied Intelligence Toward Future 
Smart Manufacturing in the Era of AI 
Foundation Model [29]

Embodied intelligence exhibits the characteristics: continuous learning and evolution, open-world 
generalization, physical multimodal interaction, collaborative swarm intelligence, and simultaneous 
signal processing. 

 

 H. Liu et al. 2025 Embodied Intelligence: A Synergy of 
Morphology, Action, Perception and 
Learning [13]

EAI is defined as the ‘‘synergy of morphology, action, perception, and learning’’. Among these, the 
authors present eight core principles, demonstrating the bidirectional influence of the components, 
such as how an agent’s physical form can offload computational tasks to simplify action control, or 
how active exploration enhances environmental perception.

 

We adopt these four characteristics as the working definition of EAI 
for this review, treating them as graded dimensions rather than binary 
requirements: a system can be embodied intelligent to varying degrees, 
and each reviewed study is assessed by the extent to which it realizes 
them.

2.2. System components

An EAI system forms a multi-layered architecture designed to trans-
late, possibly, human objectives to physical execution. As illustrated in 
Fig.  2, we decompose the architecture into context boundaries, hard-
ware components/interfaces, modular software layers, and enabling 
components. To illustrate these components practically, we adopt a 
common household task as an example throughout this section: a user 
verbally instructing a domestic mobile manipulator to ‘‘Put the coffee 
mug in the sink’’.

The context components establish the operational scope and
boundary conditions for the system. Their primary goal is to formalize 
the problem space that the EAI must navigate by taking the user’s raw 
intent and the physical constraints of the real world as inputs and 
mapping them to actionable outputs. In the example given in Fig.  2, 
the task instruction is the verbal command to move the mug, while 
the work environment is the unstructured kitchen containing various 
obstacles and lighting conditions. In the literature, these environments 
are often formalized within standardized evaluation benchmarks such 
as ALFRED [32] or BEHAVIOR-1K [33].

Hardware components act as the physical boundary mediating 
information transfer between the environment, the user, and the soft-
ware components. The user and perception interfaces aim to capture 
external human intention and actions as well as physical phenomena. 
For instance, a microphone records the user’s voice command, while an 
RGB-D camera captures point clouds of the kitchen table.

The software stack serves as the cognitive pipeline, processing the 
ingested data to compute physical agency. Depending on the system 
design, these layers can be strictly modular, partially coupled, or fully 
end-to-end integrated, as seen in models like RT-2 [34], OpenVLA [35], 
and 𝜋  [36].
0

5 
First, the interaction and perception layers translate the raw sensor 
and text inputs into, e.g., structured semantic task representations or 
other embeddings. Next, the cognition and planning layer combines the 
task objective with the environmental state by decomposing the high-
level task into a sequence of actionable primitives or states. Finally, 
the action layer computes the continuous low-level control trajectories 
required to transition between sub-states.

In the scope of manufacturing, the outlined decomposition may 
show similarities to other frameworks like Cognitive Digital Twins 
(CDT). A CDT is described as ‘‘a digital representation, augmentation, 
and intelligent companion of its physical twin as a whole’’, which is 
‘‘augmented with certain cognitive capabilities and supports executing 
autonomous activities’’ [37–39]. However, Digital Twins (DT) as digital 
replicas of real-world, physical assets, and the cognition-labeled exten-
sion, are conceived in a fundamentally different approach. A CDT is 
constituted by a twinning relation: it is the digital counterpart of a spe-
cific physical asset, process, or system, and its cognition is grounded in 
models, ontologies, and process knowledge of that referent. The digital 
part, the boundaries of cognition, reasoning are modeled by a human. 
An EAI system is thought without modeling a virtual replica; it is the 
embodied agent itself, and by our working definition (Section 2.1), its 
intelligence must be acquired through learning that is constrained by 
its morphology and driven by interaction with its environment (criteria 
B and C). By definition, the digital counterparts of DTs and CDTs are 
crafted by how humans would decompose systems and intelligence into 
individual blocks, whereas the EAI hypothesis demands that the system 
learn this by itself, e.g., being just one large Neural Network (NN) 
without any modeled priors on how the world works and interacts, 
which is instead learned during training.

Further enabling components provide infrastructure and data nec-
essary for training prior to real-world deployment. Generalist policies 
like RT-1 [40] and OCTO [41] are trained on massive multi-robot 
datasets like Open X-Embodiment [42], while physics-accurate simula-
tors (e.g., NVIDIA Isaac Lab [43], SAPIEN [44], Meta Habitat [45–47]) 
facilitate safe Reinforcement Learning (RL) and sim-to-real transfer. 
Beyond large-scale dataset curation, other approaches lower the data 
burden by transferring human skills directly to the robot, for instance 
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Fig. 2. EAI building blocks.
via mixed-reality-assisted demonstration of visuomotor primitives for 
contact-rich assembly [48].

Once the cognitive pipeline has generated the necessary control 
signals, the information flows back into the physical world through 
the executing hardware. The control interface and embodiment are 
responsible for realizing the computed physical changes. The control 
interface translates the digital commands output by the action layer 
into physical actuator state changes.

2.3. Physical embodiments

The primary defining characteristic of EAI is the embodiment (see 
Section 2.1), distinguishing it from disembodied AI. While public dis-
course often equates EAI with humanoid robots, the reality encom-
passes a much wider variety of systems.

To categorize these diverse physical forms, Fig.  3 maps EAI systems 
across two primary dimensions: mobility (ranging from stationary to 
unstructured terrain navigation) and manipulation (ranging from zero 
physical interaction to highly dexterous object handling). Based on the 
numbered clusters in Fig.  3, these embodiments are as follows:

• Cluster 0 (No Embodiment): Purely digital entities like avatars 
or chatbots. Included here to explicitly mark the boundary of 
physical embodiments.

• Cluster 1: Automated Guided Vehicles (AGVs) and social robots. 
These navigate flat, structured environments, e.g., to transport 
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goods (requiring external loading), or to interact socially without 
altering their physical surrounding.

• Cluster 2: Unmanned Aerial Vehicles (UAVs) and quadruped 
robots without grippers. Such systems are highly mobile, and can 
be deployed for tasks such as visual inspection across complex 
terrains or in the air.

• Cluster 3: Traditional industrial robotic arms with simple grip-
pers. These systems are stationary and can handle, e.g., standard 
manufacturing tasks like palletizing, logistics commissioning, and 
machine tending.

• Cluster 4: Mobile robots and automated forklifts. Equipped with 
simple grippers or levers, these systems typically dominate in-
tralogistics by retrieving and transporting standard objects across 
factory floors.

• Cluster 5: Humanoids, UAVs, and quadrupeds with basic grip-
pers. Designed for uneven terrain or outdoor tasks, such as con-
struction site logistics or delivery.

• Cluster 6: Stationary industrial arms with complex, multi-
fingered end-effectors, or multi-robot setups. These can, e.g., han-
dle highly dexterous manipulation tasks involving complex, de-
formable, or oversized objects.

• Cluster 7: Mobile manipulators with advanced grippers. These 
systems can perform dexterous manipulation tasks across multiple 
static workstations, optimizing indoor operational efficiency.

• Cluster 8: Highly dexterous humanoid robots. Representing the 
upper limit of current mechanical complexity, these can navigate 



J. Koch et al. Robotics and Computer-Integrated Manufacturing 103 (2027) 103406 
Fig. 3. Manipulation-Mobility Matrix clustering different physical embodiments and their skills (robot images were created with generative AI).
unstructured environments (such as climbing stairs in house-
holds) while performing fine-motor skills.

3. Review method

The SLR is based upon the guidelines and recommendations from 
[49,50]. We document it in Fig.  4 using a PRISMA flow-chart [51]. 
Before conducting the review, we began with initial planning and 
defined the scope using the PICO framework to formulate research 
questions (RQs). This was followed by the search string composition 
used to query relevant records. We defined and applied study selection 
criteria to reduce the body of literature while moving further down 
in the PRISMA flow-chart. Before the data extraction, we additionally 
assessed the paper’s relevance to our study using a set of assessment 
questions.

3.1. Research scope using PICO

The PICO (Population, Intervention, Comparison, Outcome) frame-
work, originally used in evidence-based medicine research, can be used 
to break down the problem at hand and help with formulating research 
questions to allow a comprehensive and focused search strategy. We use 
the list of PICO elements and their corresponding terms in computer 
science compiled by [49] and identified the relevant keywords and 
synonyms for each PICO component relevant to our study in Table  3. 
Please note that for the Intervention component, we also added the 
term ‘‘Humanoid’’ as a synonym for ‘‘Embodied AI’’, as it is likely the 
most common embodiment in the field.
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3.2. Research questions

Based on the PICO scope, the following research questions (RQs) 
were formulated to guide this review. The phrases printed in bold are 
those taken from the PICO keyword collection in Table  3:

1. How is the term EAI characterized, defined, and applied within 
the current scientific literature on industrial systems?

2. What are the primary research focuses, use cases, and indus-
trial applications of EAI?

3. What physical embodiments are primarily utilized for EAI 
systems in industrial contexts?

4. How are the core learning components coupled within sys-
tem architectures, and what input and output modalities are 
used/implemented?

5. To what extent are simulation environments utilized, and what 
are the prevalent training strategies?

3.3. Search strategy

3.3.1. Relevant databases
To ensure comprehensive coverage, we conducted the search across 

the following academic databases:

• Scopus
• IEEE Xplore
• arXiv (for pre-print articles)

3.3.2. Search string composition
The final search string used to obtain the initial corpus of litera-

ture in PRISMA workflow step 1⃝ was composed using the keywords 
identified in the PICO analysis. We selected the most representative 
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Table 3
PICO keyword collection for search string composition.
 Component Description PICO keywords PICO keyword synonyms  
 Population/Problem Application area, industry 

domain selected for this 
study.

Industrial 
Manufacturing/Industrial 
Operations.

Manufacturing; Assembly; Maintenance, Repair, Overhaul; Inspection; 
Production/Manufacturing Systems; Logistics; Industrial Environments; Industry 4.0; 
Industry 5.0 

 

 Intervention Technology being 
investigated.

Embodied AI. Embodied Intelligence; Agentic AI; AgentAI; Intelligent Robotics; Physical AI; 
Autonomous Systems; Artificial General Intelligence (AGI); Embodied AGI; World 
Models; Vision-Language-Action (VLA) Model; Humanoids 

 

 Comparison Currently applied 
approaches (alternatives to 
the Intervention).

Traditional automation and 
robotics, manual processes.

Automation; Fixed Robotics; Manual Assembly; Non-collaborative Robots; Industry 
3.0; Automated Assembly; Automated Manufacturing; Automated Logistics 

 

 Outcome The results and effects the 
studies produce or reveal.

Applications, benefits, 
evaluation metrics, and 
potentials.a

Task; Use Case; Implementation; Benefits; Challenges; Limitations; Future Trends; 
Performance Indicators; Productivity; Efficiency; Flexibility; Safety; Ergonomics

 

a We are investigating the current state of the art in EAI, its applications, challenges, and future directions. Therefore, the Outcome is not treated as a single keyword here, but 
rather a collection of intended outcomes we aim to provide through this study.
keywords and synonyms from Table  3 for both PICO components
Population/Problem, and Intervention to combine them in their re-
spective groups using a Boolean OR operator. We then linked the two 
groups using a Boolean AND operator to compose the final search 
string. The selected terms are marked bold:

• Population/Problem: Industrial Manufacturing/Industrial Opera-
tions, Manufacturing; Assembly; Maintenance, Repair, Over-
haul; Inspection; Production/Manufacturing Systems; Logistics; 
Industrial Environments, Industry 4.0, Industry 5.0

• Intervention: Embodied AI; Embodied Intelligence; Agentic 
AI; AgentAI, Intelligent Robotics; Physical AI; Autonomous 
Systems; General Artificial Intelligence (AGI); Embodied AGI;
World Models; Vision-Language-Action (VLA) Model;
Humanoids

Composed Search String:

("Manufacturing" OR "Assembly" OR "Logistic*" OR "Production
System*" OR "MRO" OR "Maintenance, Repair and Overhaul" OR
"Maintenance, Repair, Overhaul") AND ("Embodied AI" OR "Embodied
Intelligence" OR "Agentic AI" OR "Intelligent Robotics" OR
"Physical AI" OR "General Artificial Intelligence" OR "Embodied
AGI" OR "World Models" OR "Vision?Language?Action" OR "Humanoid*")

As each search engine requires a slightly different composition of 
the search string, searchable fields, and other parameters are given 
in Appendix  A.1. Because quoted search terms occasionally returned 
results containing only individual words (e.g., "world" and "models"
instead of "world models"), we applied a post-search filter step prior 
to inclusion in the PRISMA workflow, see Appendix  A.1. After retrieval 
and filtering, 554 SCOPUS records, 230 IEEE Xplore records, and 79 
arXiv records remained as input to PRISMA workflow step 2⃝.

3.4. Study selection criteria

We defined selection criteria for the literature to be included to 
further refine the body of literature initially queried. The criteria for 
each category and the corresponding PRISMA step in which we applied 
the criteria are compiled in Table  4. The timeframe constraint (PRISMA 
step 1⃝) was directly applied when gathering records from the relevant 
databases described previously in Section 3.3. To further reduce the 
amount of literature in 2⃝, we have decided to exclude literature that 
did not make a sufficient impact. To achieve this, we applied a median-
based citation count filter that rejects records that have a citation count 
less than the median citation count of all papers published in the same 
year, evaluated individually for each source to avoid inequalities due to 
different citation count retrieval strategies used by the three providers. 
For publications dated 2025 and 2026, this criterion was not applied 
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to avoid rejecting huge amounts of new literature that has not been 
cited yet due to its novelty. In 3⃝ and 4⃝, we manually checked 
the literature type, availability, and language before conducting a 
more detailed relevance screening in 5⃝ and 6⃝. In 5⃝ we checked 
title, abstract, and keywords to reject irrelevant papers, taking into 
consideration the RQs we are addressing, see Section 3.2. Followingly, 
in 6⃝ we applied a relevance assessment checklist, further detailed in 
the following Section 3.5.

3.5. Relevance assessment checklist

In [50], a Quality Assessment (QA) checklist is proposed as the 
last screening step before data extraction to evaluate the quality with 
regard to the scope of the survey. Given the heterogeneity of research 
in EAI, standard quality checklists are not directly applicable, as we 
are trying to provide a broad overview in the field of EAI related to 
industrial manufacturing, despite criteria such as general relevance or 
methodological design. At this point, we introduced four Relevance 
Assessment (RA) questions that we used in PRISMA step 6⃝ to evaluate 
the relevance to our study topic. Each criterion was assessed by all 
authors using a binary scoring system. Any discrepancies in scoring 
were resolved through discussion to reach a consensus. This process 
ensured a transparent and repeatable assessment of the included liter-
ature’s quality. We considered a paper for inclusion if all RA questions 
could be answered with ‘‘yes’’.

RA1: Industrial context: Is the paper linked to and relevant for an 
industrial context? Does the study explicitly address or demon-
strate relevance to an industrial setting (e.g., manufacturing, 
logistics, MRO), or is its applicability clearly articulated or dis-
cussed?

RA2: Machine Learning: Does the paper apply Machine Learning 
(ML) as a key component of their proposal?2

RA3: Existence of some form of embodiment: Does the contribution 
revolve around an embodiment being present either in the phys-
ical world or in a simulated environment? We aim to include 
only records that explicitly deal with some form of embodiment 
and reject contributions that are, e.g., vision- or language-only 
without any action layer, see the EAI definition criteria (A) and 
(B) in Section 2.1.

RA4: Character of the paper: We aim to investigate the use, tech-
nologies, challenges, and future research directions for EAI in 
an industrial context. We therefore examine the character of 

2 To narrow down the term AI, we focus on data-driven EAI concepts that 
employ machine learning. This delimitation ensures conceptual clarity and 
allows us to focus on approaches characterized by learning from data.
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Table 4
Study selection criteria for inclusion/exclusion.
 Category Criteria PRISMA step 
 Timeframe Exclusion: Studies published prior to 2020 or not within the queried databases on December 5th, 

2025 (time of freezing the search).
1⃝  

 Impact Exclusion: Consideration of literature whose citation count is at least equal to the median citation 
count of all queried papers in the corresponding year, evaluated individually for each database. This 
criterion is not applied to publications dated 2025 and 2026.

2⃝  

 Literature Type Inclusion: Peer-reviewed and pre-print journal and conference articles 
Exclusion: Editorials, opinion pieces, review papers, and non-technical articles.

3⃝ + 4⃝  

 Availability Exclusion: Full-text not available. 4⃝  
 Language Inclusion: English language publications only. 4⃝  
 Relevance Inclusion: Literature that is linked to and discusses EAI within the intended scope of this review. In 

a first relevance assessment using only title, abstract, and keywords in 5⃝ we use the research 
questions formulated in Section 3.2 for guidance. In a second full-text relevance assessment in 6⃝ 
we apply the four RAs further detailed in Section 3.5.

5⃝ + 6⃝  
the paper and evaluate if it contains some form of implementa-
tion, practical investigations with evaluations, etc. We excluded 
contributions dealing merely with, e.g., completely conceptual 
proposals or philosophical discussions.

3.6. Data extraction and synthesis

The number of records assessed following the PRISMA workflow is 
given in Fig.  4. A list of the 166 records was assessed for eligibility 
through a full-text screening in the last PRISMA workflow step 6⃝. 
In this step, we excluded 15 records due to multiple reasons (review, 
non-English, duplicate, or no fulltext available) that did not become 
obvious in the previous steps, in which fulltext was not assessed. The 
resulting list of 151 records assessed using the RA checklist is presented 
in Table  5. During this step, another 109 records were excluded due to 
irrelevance, as at least one RA question was answered with ‘‘no’’. This 
leaves us with a total of 42 records that are included in this review. 
Each included record is also marked in Table  5.

4. Results

This section presents the findings of our SLR. We first provide an 
overview of the general research landscape by assessing the usage of the 
term EAI against our proposed definition, alongside mapping the key 
research focuses, industrial applications, and physical embodiments. 
Following this landscape analysis, we dive deeper into the underlying 
technological approaches. By evaluating the coupling of learning com-
ponents, multimodal integration, the role of simulation environments, 
and prevailing training paradigms, we provide an overview of the 
current deployment of EAI systems for industrial environments.

4.1. Use of the term EAI

Across the reviewed papers, the term and characteristics of EAI in 
the industrial domain are used inconsistently. This is consistent with 
other literature, as already outlined in Section 2.1.

Many works adopt the EAI label, while always fulfilling the criteria 
of having a physical or simulated embodiment, as already checked 
ealier using the relevance assessment question RA3 (see Section 3.5), 
multiple works lack learning mechanisms within the embodiment and 
environment (criterion B, as defined in Section 2.1), e.g., [52–54].

Further, no work elaborates on the different EAI definitions and 
characteristics. Beyond these terminological discrepancies, we reveal 
the following three trends.
Morphological constraints driving EAI (criterion B.a). When works use 
non-standard morphologies, learning in the embodiment is more fre-
quently used than when works use standard morphologies, such as 
industrial robots or even humanoids. Works featuring highly specific 
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physical systems, such as thruster-aided humanoids requiring special-
ized controllers [55], often involve unconventional embodiments that 
force a significantly tighter coupling between the agent’s morphology 
and its learning process, thereby adhering more closely to the strict 
definition of morphological computation.

However, this conclusion is biased by the fact that for standard 
morphologies, a larger number of existing models are available that can 
be used to generate actions. When choosing a non-standard morphology 
and deciding to employ, e.g., RL, it is evident that embodied learning 
is fulfilled.
Foundation model paradox (criterion C.b). Recent works increasingly 
include LLMs and VLMs to drive perception and reasoning [52,56]. 
However, when integrating these and using human-understandable 
inputs and outputs, these building blocks become swappable and con-
tradict the model-level integration hypothesis (C.b). Many works use 
LLMs as high-level, modular planners that generate, e.g., text-expressed 
robot primitives [52,54,57]. This modularity, in which the cognitive 
reasoning is detached from the specific physical constraints of the em-
bodiment, deviates from the integrated, non-swappable sensorimotor 
coupling as underlined in many EAI definitions.
Missing situated intelligence (criterion D). While a subset of the reviewed 
literature successfully demonstrates a complete perception-action loop 
(C) coupled with embodied or environmental learning (B) [58,59], 
there is a notable absence of situated intelligence (D). The majority 
of systems translate sensor inputs into motor outputs, e.g., extracting 
targets from egocentric cameras to generate actions (C.a) [60,61]. 
However, these systems largely operate as reactive executors, devoid 
of semantic and spatio-temporal awareness. The systems interact with 
their environment mechanically, but most works fail to demonstrate a 
broader contextual understanding of their actions.

While the mechanical and learning foundations of EAI are increas-
ingly entering the industrial domain, much of the existing work shows 
inconsistent engagement with its definitions, meanings, and defining 
characteristics.

On the one hand, this is necessary to establish common terminology; 
on the other hand, it enables researchers and practitioners to benefit 
from the ideas behind EAI when implementing such systems. Other-
wise, approaches remain within broad conceptual labels rather than 
taking a step further from, e.g., Physical AI to EAI.

4.2. Key research focuses

We categorize the surveyed literature into distinct thematic clusters. 
This gives an overview of the literature’s primary focus areas. Specifi-
cally, we partition the current research into six core clusters, see also 
Fig.  5:
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Fig. 4. PRISMA flowchart. The search string, other constraints and criteria as well as the relevance assessment questions are further detailed in Sections 3.3–3.5 
and Table  4.
• Cluster 1: Human-Robot Collaboration (HRC): Transforming 
robots into proactive partners that can work in collaboration with 
humans, utilizing, e.g., multimodal human information.

• Cluster 2: Foundation Model-Based Decision Making, Plan-
ning, Reasoning, and Control: Creating frameworks that map 
high-level instructions and visual inputs to executable robot con-
trol signals, and long-horizon tasks, or approaches that infer how 
to reach a given goal.

• Cluster 3: Autonomous Manufacturing, Machining, and As-
sembly Tasks: Automating specialized, domain-specific indus-
trial processes.

• Cluster 4: Robotic Grasping, Dexterity, and Manipulation: Pa-
pers dealing with the physical mechanics of interaction, focusing 
on dexterous manipulation and collision-free grasping.

• Cluster 5: Mobility, Navigation, and Multi-Agent Systems:
Enabling autonomous agents to navigate and self-organize them-
selves in dynamic industrial environments.

• Cluster 6: Datasets and Data Generation: Research that
presents domain-specific datasets, proposes data-collection pro-
tocols, and addresses sim-to-real challenges.

Cluster 1: Human-Robot Collaboration (HRC). In the first cluster, the 
authors approach the question of how to transform robots from passive 
participants into active collaborators and deal with topics revolving 
around how to improve joint collaboration and mutual perception 
between humans and robots. For instance, [62] discusses how to en-
able compliant human-humanoid collaboration for collaborative object 
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carrying to reduce the physical strain of the human while relying solely 
on proprioceptive information. Their approach includes the usage of 
a residual teacher policy and distillation. Another example in this 
cluster is [63], in which the authors design a proactive collaborative 
controller to help a robot transition from a passive ‘‘follower’’ role to a 
‘‘collaborator’’ role in unstructured, unknown scenarios. The controller 
uses human multimodal information (joint angles and surface elec-
tromyography (sEMG) signals) to predict human arm motion and learn 
variable impedance behavior for stable and comfortable collaboration. 
The question of how HRC assembly can be made more adaptive, 
intelligent, and safe while operating in complex, evolving environments 
is discussed in [57,64]. A digital twin simulation helps to verify the 
generated code before execution.
Cluster 2: Foundation model-based decision making, planning, reasoning, 
and control. The second cluster covers various foundation models 
(VLAs, LLMs) and topics revolving around decision making, planning, 
reasoning, and robotic control. For example, [56] discusses how VLMs 
can be employed for assembly sequence generation from technical doc-
uments and assembly drawings to achieve zero-shot assembly sequence 
learning through a multi-hierarchical scene graph architecture that 
allows open-set product assembly. In [65], the authors investigate how 
to enable VLAs to conduct long-horizon tasks and employ a unified 
framework using a Mixture-of-Transformers (MoT) architecture and 
Chain-of-Thought (CoT) reasoning to generate multimodal ‘‘manuals’’ 
for robot execution that decompose the task into smaller portions. Long-
horizon tasks also motivate [58], where such tasks, often characterized 
by sparse-reward environments, are tackled by the introduced pipeline 
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Fig. 5. Surveyed literature’s six focus research clusters.
that employs pre-trained LLMs to generate dense reward functions and 
thus improve subsequent learning performance. [66] investigates how 
robots can acquire dexterous skills from human demonstration. [67] 
focuses on generating high-precision 3D physical grounding without 
model retraining through the coupling of multiple models (VLMs and 
LLMs). The VLM performs general reasoning and task planning, while 
the LLM ensures the motion is logical. [68] deals with the question 
of whether optimizing visual and text prompts enhances their spatial 
reasoning enough to automate robot failure recovery.
Cluster 3: Autonomous manufacturing, machining, and assembly tasks. 
The third cluster contains literature revolving around autonomous man-
ufacturing, machining, and assembly tasks. As planning and decision-
making form a major part in enabling such tasks, the approaches 
slightly overlap with the second cluster. In [69], the peg-in-hole chal-
lenge is addressed using a procedural generation approach to train 
an RL agent. Peg-in-hole tasks are common across various assembly 
operations, and the authors tackle this problem by leveraging syn-
thetic environment generation to train an RL agent across diverse 
environments. The potential of LLMs for industrial design, decision-
making, and tool-path generation is addressed in [52]. The multi-stage 
framework matches a task description with process parameters and 
generates corresponding paths, which are then executed in a simula-
tion environment. Their evaluations showcase various tasks such as 
gripping, placing, and stacking objects. [70] proposes a behavioral 
planning and parameter learning approach that utilizes a low-code/no-
code paradigm and decomposes the given task using a multi-stage 
framework.

Cluster 4: Robotic grasping, dexterity, and manipulation. The fourth clus-
ter deals with robotic grasping, dexterity, and manipulation. In [71], 
the placement of multiple irregularly shaped objects in an arrangement 
that is as compact as possible is investigated. The authors propose an 
adjacency-aware RL approach that utilizes reference lines to maintain 
boundary awareness and apply a gap-minimizing reward function. The 
question of how robot arm grasping performance can be improved 
through enhanced world models is addressed in [72]. The authors 
introduce a backward-dynamics prediction module to capture temporal 
dynamics and improve sample efficiency. The design of a humanoid 
hand and the presentation of a tailored data collection protocol are 
presented in [73]. The paper discusses how robust data collection and 
a curation protocol can enable policies to recover from failures and 
generalize across diverse dexterous manipulation tasks. Their strategy 
includes heavy randomization and strategic inclusion of self-correction 
data that is tested with the designed humanoid hand for grasping 
and manipulation. A new dataset and background-adaptive grasping 
network are introduced in [74]. The authors discuss how robot grasp 
detection can be improved and present a new RGB-D cross-background 
dataset to enable grasping in cluttered scenes. Tightly coupled with 
hardware control, [75] investigates how to control a humanoid robotic 
hand actuated by shape memory alloy with a model-free strategy.
Cluster 5: Mobility, navigation, and multi-agent systems. The fifth cluster 
focuses on mobility, navigation, and multi-agent systems. In [76], 
the authors investigate how navigation accuracy, obstacle avoidance, 
and manipulation can be improved for indoor mobile robots. They 
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combine multiple sensing modalities to facilitate situation awareness 
and intelligent task scheduling. The question of how to achieve self-
organization in heterogeneous multi-agent systems is discussed in [77]. 
The proposed system integrates multimodal data with VLMs and LLMs 
for planning and orchestration. Similarly, in [78], the coordination 
mechanism and a learning strategy for fully cooperative multi-agent 
systems in humanoid robotics are investigated. In [59], the question 
of how to make humanoids move more like humans, including typical 
bottlenecks such as motion discretization, strategy homogeneity, and 
response delays, is addressed.
Cluster 6: Datasets and data generation. The last cluster deals with 
datasets and data generation. In [79], the authors investigate how 
to segment robotic actions into primitives for better VLA training. 
Their intent is to support preparation for VLA-pretraining from larger 
amounts of data. Synthetic training data generation for developing 
generalist policies for robot manipulation using high-fidelity synthetic 
data is presented in [80]. The authors present a pipeline to generate 
synthetic training data such as motions, renderings, and instructions. 
As training data is the basis for enabling other tasks grouped into other 
clusters, there is also an overlap among them.

This section systematically categorizes the surveyed literature into 
six primary research clusters to highlight current focus areas, providing 
a thematic overview of all papers that satisfy the relevance assessment 
criteria (see Section 3.5). Interestingly, the distribution reveals that 
works around HRC are represented equally in numbers to both au-
tonomous manufacturing, machining, and assembly, as well as robotic 
grasping, dexterity, and manipulation. This indicates a balanced focus 
across the field: foundational research (such as grasping and manipula-
tion) appears in equal measure to both human-centric applications and 
highly specific industrial operations. However, works centered on the 
integration of foundation models occur slightly more frequently than 
the others.

4.3. Industrial applications

Across the reviewed literature, industrial application areas (Fig. 
6) are distributed unevenly: assembly is the most prominent applica-
tion area, followed by manufacturing- and process-oriented operations, 
while logistics appears regularly but less frequently, and inspection 
and maintenance-related scenarios remain comparatively rare (see Fig. 
7). A noticeable share of papers also cannot be assigned to a single 
clearly bounded industrial domain, as they focus on generic frame-
works, datasets, or architectures with only loosely specified industrial 
relevance.

Assembly. Assembly is frequently addressed as a key motivation for 
industrial EAI because it combines industrial relevance with clearly 
operationalizable subproblems such as grasping, insertion, sequencing, 
and recovery [65,69,81]. A major theme is high-level task planning 
and long-horizon execution, where VLMs or LLMs decompose assem-
bly goals into executable subtasks and connect perception with deci-
sion making across extended action sequences [56,58,65]. Assembly 
is therefore relevant not only because it involves physical manipula-
tion, but also because it requires structured reasoning over multi-step 
processes.
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Fig. 6. Application areas of EAI in industrial environments.
A second recurring topic is HRC. Several works use assembly sce-
narios to study the transition from reactive assistance toward proactive 
collaborative behavior, including intent anticipation, real-time adapta-
tion to operator actions, and context-sensitive support during multi-step 
tasks [61,63,82]. This is particularly relevant for industrial practice, 
where many assembly processes remain only partially automatable and 
depend on flexible cooperation between human workers and robotic 
systems [61].

Another important aspect is decision-making during execution. In-
stead of treating assembly as a fixed control problem, several pa-
pers model it as a closed perception-decision-execution loop in which 
the current task state is continuously interpreted and translated into 
context-dependent actions [57,82]. This is supported by virtual plan-
ning layers for validating assembly sequences [57,64], structured scene 
representations for spatial relations between parts [56], and mecha-
nisms for failure detection, verification, local replanning, or corrective 
action when execution deviates from the nominal sequence [66,68].

However, the reviewed literature also shows that current assembly 
use cases are often simplified. Many studies rely on toy examples such 
as LEGO-like setups [65,68], peg-in-hole benchmarks [69,81], or styl-
ized manipulation tasks that abstract away much of the variability and 
physical complexity of real industrial assembly [71]. Others simplify 
the environment through reliable pose information, CAD-based prior 
knowledge [56], abstracted contact dynamics [69], or a focus on high-
level reasoning while fine manipulation and process-critical execution 
remain only partially addressed [52,82]. Thus, assembly is a justified 
entry point for EAI in manufacturing, but current demonstrations still 
capture only part of the complexity of real industrial assembly systems.
Logistics and intralogistics. Logistics and intralogistics combine navi-
gation, scene perception, and manipulation, making them a natural 
end-to-end problem class for EAI (localize → plan → move → act) [76,
77,83]. In the reviewed literature, the focus is less on isolated manipu-
lation skills and more on coordinating perception, decision making, and 
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motion in distributed, dynamic, and safety–critical environments [59,
77,83].

A recurring theme is the use of multi-agent systems for dynamic 
self-organization, flexible role allocation, and task-dependent coop-
eration instead of predefined agent responsibilities [77,78]. Related 
work addresses collaborative transport, where robots assist humans 
in carrying large or heavy objects. Here, EAI supports not only mo-
tion generation, but also interaction-aware coordination, including im-
plicit leader–follower switching and reduced physical effort for human 
workers [84].

Safety is central across both indoor and outdoor settings. Industrial 
logistics requires rapid replanning and responsive control to satisfy 
operational safety constraints in environments shared with humans, ve-
hicles, or multiple robots [59,76,83]. Consequently, real-time optimiza-
tion and low-latency reaction capabilities are key technical concerns in 
current work [59].

Much of the literature relies on RL and simulation-based devel-
opment [59,77,78]. Results in multi-agent coordination, humanoid 
transport, and motion generation are often validated primarily in sim-
ulation [59,77,78]. This highlights a persistent sim-to-real gap, espe-
cially under out-of-distribution physical interactions, irregular terrain, 
and real-world disturbances that are difficult to model accurately [78,
80,84].

Quality assurance. Quality assurance appears less often as a stand-alone 
inspection and more frequently as part of downstream action chains 
such as inspect → decide → repair [64,85]. In these settings, visual 
or multimodal inspection is not limited to defect detection, but also 
triggers planning, adaptation, or corrective intervention [64,85].

A recurring theme is the need for hybrid reasoning architectures. 
Several works indicate that foundation models alone are not suffi-
ciently robust for industrial inspection, especially when decisions re-
quire process-specific expertise, external knowledge, or physical con-
straints [53]. Hybrid approaches therefore combine VLM- or LLM-based 
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Fig. 7. Analysis of the reviewed literature based on industrial application.
perception with expert rules, structured reasoning, or physics-informed 
representations to improve interpretability and decision quality [53,
64,85]. This is important because inspection results in manufacturing 
must often be translated into actionable process decisions rather than 
semantic descriptions alone [53,85].

The literature also shows an interest in distributed and self-
correcting inspection pipelines. Multi-agent systems can support relia-
bility through hierarchical feedback structures, where central decision 
layers integrate global multimodal information while local agents mon-
itor execution and detect anomalies [77,82]. However, many pipelines 
still rely heavily on VLMs or LLMs. While these models are strong in 
semantic interpretation, they remain weaker in the quantitative regres-
sion tasks required for industrial quality assurance, such as estimating 
precise process parameters or millimeter-level tool paths [53,85]. This 
limits the transition from general-purpose reasoning to high-precision 
industrial inspection [53,70].

A further challenge is robustness under realistic environmental 
conditions. Industrial inspection remains sensitive to background noise, 
reflections, low-light conditions, and visually cluttered scenes [74,76]. 
Although adaptive perception models improve filtering and segmenta-
tion, performance can still degrade under such disturbances, leading to 
hesitant or overly conservative robot behavior [74,85].
Manufacturing. In the area of manufacturing and process operations, 
the corpus contains fewer works than in assembly, but these works 
are particularly close to industrial value creation because they in-
tervene directly in process-specific operations involving tool contact, 
process parameters, and quality constraints [52,86,87]. Compared with 
assembly-oriented studies, the literature in this area is less concerned 
with generic manipulation and more with complete process chains that 
connect perception, process planning, and execution [85,87]. Typical 
examples include deburring, defect repair, and additive manufactur-
ing, where the relevant challenge is not only to identify the next 
action, but to generate process-feasible parameters and motions under 
application-specific constraints [60,86,87].

At the same time, many of the reviewed contributions approach 
manufacturing problems through LLM- or VLM-centered pipelines [52,
85]. An example of this is an LLM-centric industrial robotics framework 
in which agents parse natural-language manufacturing instructions into 
process parameters, select suitable end-effectors, and generate tool 
paths or robot code [52]. This is complemented by more human-
centered contributions, such as intelligent assistants for operator sup-
port and workcell systems that use retrieval and natural-language 
interfaces to access manuals or generate robot code for non-expert 
users [54,61,62].

A recurring bottleneck, however, is that foundation models are 
typically stronger at high-level semantic planning than at the quan-
titative precision required for engineering tasks, such as 3D toolpath 
generation, process-parameter estimation, or robust execution under 
variable material and surface conditions [52,53,85]. As a result, this 
application area is highly relevant for EAI, but current work still 
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often treats foundation models as general-purpose reasoning layers 
around comparatively simplified process pipelines rather than as a fully 
grounded basis for robust industrial execution [52,53,85].
Maintenance, Repair, and Overhaul (MRO). MRO is only weakly repre-
sented in the reviewed literature and is often operationalized through 
enabling capabilities such as safe navigation, defect detection, and 
repair rather than through fully developed MRO workflows. In this 
sense, the current corpus provides only limited evidence for EAI in MRO 
as a distinct industrial application area. Paint-defect repair is a strong 
example in this area, where inspection is directly linked to process 
decision-making and robotic repair execution rather than remaining a 
stand-alone diagnostic step [85]. Overall, the literature suggests that 
EAI in MRO is still at an early stage, with current work focusing 
more on prerequisite functions for maintenance assistance than on 
comprehensive autonomous repair processes.
Feasibility and deployment readiness. Beyond the technical capabilities 
discussed above, the industrial adoption of EAI ultimately depends 
on operational and economic feasibility. Across the reviewed corpus, 
however, such considerations are addressed only selectively and re-
main secondary to demonstrating technical functionality. A few studies 
report operational or economic proxy indicators such as cycle time, 
task completion time, fault-handling time, hardware cost, labor re-
duction, data-generation cost, or downtime avoidance [53,54,59,88], 
and low-latency or real-time responsiveness recurs as a concern in 
logistics settings [59]. These indicators show that feasibility is not en-
tirely absent from the literature, but they are fragmented, application-
specific, and rarely benchmarked against conventional automation. 
Explicit return-on-investment or payback analyses are largely absent 
across the corpus.

We interpret this scarcity as a finding in itself. It is consistent with 
the low technology-readiness observed throughout our analysis, where 
many contributions are validated on simplified or toy-scale tasks and 
evaluated primarily in laboratory or simulation settings rather than in 
production. As a consequence, most industrial EAI systems are currently 
assessed as technology-focused proof-of-concept demonstrations rather 
than through standardized economic or operational deployment met-
rics. A further deployment reality, the certification of learning-based 
policies for safety–critical operation, is likewise not addressed in any 
of the reviewed studies; we discuss the corresponding regulatory and 
standardization landscape separately in Section 6.

4.4. Physical embodiments

This section categorizes the reviewed literature according to the 
presented physical form, utilizing the previously introduced mobility-
manipulation matrix (Clusters 1 to 8 in Fig.  3). The distribution (see 
Fig.  8) reveals a clear focus on specific hardware archetypes. In two 
studies, the focus is on software components independent from a spe-
cific hardware configuration (N/A). The remaining 40 studies can 
be grouped into three overarching mobility tiers: stationary systems, 
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mobile systems for structured environments, and highly mobile systems 
for unstructured terrains.
Stationary systems (clusters 3 and 6). Stationary robotic systems repre-
sent the established standard in industrial automation, a trend strongly 
mirrored in the EAI literature. Cluster 3 (No Mobility, Low/Middle Ma-
nipulation) comprises the vast majority of the corpus (25/42 studies). 
This demonstrates that rather than introducing entirely new physical 
forms, much of the current research seeks to enhance the capabilities of 
already ubiquitous hardware, such as standard 6-axis arms with simple 
grippers, through advanced learning-based methods like RL and vision-
language policies. In this cluster, nearly all researchers use cobots. Only 
one study relies on a traditional robotic arm within the context of a 
heavier repair task requiring high stiffness [85].

Only a small fraction of stationary systems push toward complex 
manipulation (Cluster 6, 3/42). These setups incorporate multi-fingered 
grippers [73,75] or dual-arm configurations with simple grippers [88] 
to handle more dexterous object manipulation.
Mobile systems (clusters 1, 4, and 7). Systems capable of moving across 
flat environments (e.g., factory floors) form the second group (6/42 
studies). Cluster 1 contains two studies dealing with navigation prob-
lems of AGVs [76,89]. Clusters 4 and 7 (4/42 studies) mostly utilize 
mobile platforms with cobots mounted onto them. In [82,90,91], these 
platforms are enabling operating in a larger assembly workspace to 
carry out tasks on their own or in collaboration with humans. The 
exception to these forms is [83], which leverages a heavy-lifting device 
for logistic terminal operations.
Highly mobile systems (clusters 2, 5, and 8). Systems with high mobility 
and partly dexterous manipulation capabilities represent the upper 
limit of mechanical complexity in EAI, yet they remain exception-
ally rare in the current literature (6/42 studies). Within these, one 
paper deals with a framework that can be used for different embodi-
ments such as quadruped robots or UAVs having different manipulation 
skills [77], assigned to cluster 5 due to simplicity reasons. The remain-
ing 5 studies deal with humanoid robots. Notably, the reviewed appli-
cations within these clusters do not involve the robots autonomously 
assembling products. Instead, their industrial applications focus on 
either an intralogistics context or deal with the handling/sorting of 
simple objects. For instance, these systems are deployed to coopera-
tively carry heavy objects such as boxes, stretchers, and carts alongside 
humans across varying terrains [84].

4.5. Coupling of learning components

An EAI system may consist of different components: Interaction, 
Perception, Cognition/Planning, and Action Layers (see Fig.  2). Cou-
pling two components via differentiable operations allows gradients 
to flow between them, allowing continuous intermediate representa-
tions to be trained end-to-end. This typically results in the intermedi-
ate representation being non-human-readable. Conversely, decoupled 
components do not allow end-to-end training. As already stated in 
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Section 2.1, coupling the information flow from input to output follows 
Brooks’s [21] and Smith’s [22] EAI hypothesis, namely, we cannot train 
a high-level intelligent system when it is decomposable into modular 
blocks that are designed such that they are human interpretable. For 
example, when the perception layer outputs a class value and bounding 
boxes for what the system sees, subsequent layers never have access to 
a richer representation of the system’s environment. Thus, the system 
is somewhat bottlenecked. In contrast, modern VLMs typically follow 
a vision-LLM coupling strategy by linearly projecting image patch 
features into embeddings that are fed into the LLM.
Decoupled architectures. Completely decoupled systems are assembled 
using pre-trained components. Typically, a high-level planner, often 
in the form of an LLM, processes outputs from the perception stack 
and either generates code or uses API calls to perform actions. For 
instance, systems utilize language models to translate natural language 
into executable Python scripts or predefined robot action primitives, 
bridging the semantic-to-physical gap by dynamically adjusting to spa-
tial coordinates provided by the perception module, e.g., [52,54,56,60,
61,64,86,90]. As discussed, these systems are intrinsically limited by 
their architecture to reach a higher level of intelligence and transition 
into the field of physical AI.
Completely coupled architectures. In completely coupled systems, the 
previously discussed boundaries between interaction, perception, plan-
ning, and action layers dissolve. Consequently, architecture and train-
ing complexity significantly increase. These end-to-end frameworks 
can be roughly divided into three primary learning paradigms: large-
scale supervised learning [65,80], RL [69,71,78,92], and behavior 
cloning via Imitation Learning (IL) [73,88]. Broadly, large-scale su-
pervised approaches rely on massive, cross-task datasets, whereas IL 
frameworks typically utilize task-specific training data derived from 
human demonstrations. The training data requirements differ vastly 
between these goals. For example, training foundation VLA models 
for generalized capabilities requires massive, highly diverse datasets, 
often leveraging high-fidelity synthetic data generated automatically 
in physics simulators across multiple robotic embodiments [80]. Con-
versely, IL approaches rely on highly specific human demonstration 
data collected via direct teleoperation or virtual reality interfaces, 
prioritizing explicit motion quality and self-correction maneuvers to 
handle complex, task-specific dexterity [88].

In these setups, cognition and action are deeply integrated, directly 
mapping environmental states or raw visual inputs to low-level motor 
commands. Consequently, action is organically coupled within these 
end-to-end approaches, whereas the LLM-heavy decoupled frameworks 
treat action as a delayed, strictly sequential execution step rather than 
a continuous sensorimotor loop. On the other hand, works that demon-
strate the use of end-to-end architecture typically lack an integrated 
interaction layer beyond simple commands and traditionally suffer 
from a lack of transparency. To mitigate this ‘‘black box’’ problem, 
recent integrated architectures embed Chain-of-Thought (CoT) reason-
ing into their policy generation, explicitly articulating intermediate 
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Fig. 9. Analysis of input modalities in current industrial EAI research. Papers with multimodal inputs are counted toward all included input modalities.
 

reasoning, subgoals, and verification criteria alongside low-level motor 
outputs, thereby maintaining continuous end-to-end execution while 
regaining human interpretability [65].
Partially coupled architectures. Partially coupled systems can move one 
step further into the EAI hypothesis compared to fully decoupled 
approaches when coupling, e.g., perception and cognition/planning, 
or cognition/planning with the action layer. However, architectures 
are more diverse in what is coupled and what is decoupled. Besides, 
training data is different, especially when targeting a domain-specific 
task. In multiple works, the interaction layer is decoupled from the 
rest. For example, multiple works use a pre-trained voice-to-text model 
to let the user interact with the EAI system, e.g., [60,66]. On the 
other hand, one can discuss whether a coupled interaction layer is 
necessary to meet the EAI hypothesis. Also, a large set of works in 
the survey lack an interaction layer [71,74] or even a perception 
and cognition/planning [55]. However, these studies aim at different 
research questions than building a holistic EAI system for industrial 
tasks.

The transition of EAI from laboratory environments to industrial 
real-world applications exposes a tension between the theoretical ideal 
of the EAI hypothesis, including the end-to-end character, and espe-
cially the practical constraints of training data. Methods that assemble 
pre-trained components are the first step from physical to EAI. The 
logical next step is to partially couple components to reach a higher 
level of intelligence based on the available training data and the needed 
generalizability across tasks. Collecting large-scale, annotated data is 
expensive and restricted by industrial confidentiality.

4.6. Input/output modalities

This subsection examines how industrial EAI systems can be char-
acterized by both the information they receive and the form in which 
they produce actionable results. The input side captures how systems 
perceive and represent their environment, while the output side reflects 
the level at which learning-based components intervene in planning, 
control, and execution (see Fig.  10).

4.6.1. Input modalities
We categorize input modalities into the classes Vision, Language, 

Tactile/Haptic, Other, and Not Specified. Importantly, these categories 
are not mutually exclusive, since many systems are multimodal and 
combine multiple sensor and data sources; totals across modality groups
therefore overlap.

Across the included studies, vision is the dominant input channel 
(30), followed by other modalities (15), language (14), and tactile/hap-
tic input (4) (see Fig.  9). At the same time, the corpus is almost evenly 
split between unimodal (19) and multimodal (20) systems, indicating 
that industrial EAI frequently combines complementary information 
sources rather than relying on a single sensing channel. In three studies, 
the input modality remains unclear or is not specified. In the following, 
we briefly characterize each modality and describe the typical roles it 
plays in the reviewed systems.
15 
Vision. Visual input is by far the most common modality in the re-
viewed literature corpus (30), underlining its central role in industrial 
EAI. In these systems, vision primarily serves as the basis for active 
perception and spatial reasoning. Cameras provide access to object 
positions, scene structure, and execution progress, making visual input 
the main source for grounding actions in the physical workspace [56]. 
Beyond classical perception tasks such as detection, localization, and 
inspection, vision is also used for process monitoring and, increasingly, 
for the construction of richer internal world representations over longer 
time horizons [58,72].

Beyond HRC, visual perception supports contextual awareness and 
human-aware coordination [64]. More generally, vision often acts as 
the interface through which embodied systems detect deviations be-
tween the expected and actual state of the environment, making it 
a key enabler of autonomous failure recovery [68]. Identifying mis-
alignments, errors, or unexpected events is therefore a prerequisite for 
replanning and corrective action.

At the architectural level, the literature shows two broad tendencies. 
One consists of modular pipelines in which visual models generate 
intermediate outputs (decoupled architecture (Section 4.5)), such as 
object coordinates, defect parameters, or scene abstractions, which are 
passed to downstream planners, policies, or language-based reasoning 
modules [56,57,64]. While this structure aligns well with established 
industrial engineering practice, it often introduces a bottleneck: high-
dimensional visual observations are reduced to a small set of task 
variables, which simplifies downstream control but may also discard 
relevant context. The second tendency (partially (Section 4.5) or com-
pletely coupled (Section 4.5) architecture) comprises more tightly inte-
grated approaches in which visual representations are fed directly into 
learned policies, latent-space controllers, or world models [72,81,87]. 
These approaches aim for stronger sensorimotor coupling, but typically 
require more data and offer less transparency in deployment.
Language. Language-based input (text, prompts, documents, and voice) 
is present in 14/42 studies, but only rarely as a standalone modality. 
In most of the reviewed systems, language does not operate at the 
level of direct control. Instead, it serves as a high-level interface for 
task specification, planning, and coordination. Its primary function is to 
translate human intent into executable structure. This is particularly ev-
ident in frameworks for long-horizon industrial tasks, where language 
is used to decompose complex goals into subtasks, semantic plans, or 
other structured intermediate representations that can be passed to 
downstream perception, planning, or execution modules [56,57,65].

A second recurring role of language is orchestration. Many systems 
use LLMs, VLMs, or VLA-style components to coordinate existing per-
ception models, planners, tool libraries, or robot skills, rather than 
replacing them with a single end-to-end architecture [57,64,82]. This 
architectural pattern aligns well with industrial requirements for modu-
larity and reuse. At the same time, it means that language often remains 
supervisory in nature: it structures decisions, recovery strategies, and 
task progression, while execution is still carried out by downstream 
controllers or predefined skills. As a result, the contribution of language 
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in many of these systems lies less in a deeply language-grounded 
embodied policy than in a layered composition of foundation-model 
reasoning on top of existing robotic pipelines.

Language also plays an important role in lowering the barrier to sys-
tem configuration and adaptation. Several studies use natural language 
as the basis for generating code, task logic, or control specifications, 
including robot programs, Python-based routines, and machine-level 
outputs such as G-code [52,54]. Closely related to this is the emergence 
of low-code or no-code interaction paradigms, in which users specify 
machining, handling, or assembly objectives through text or voice 
rather than through conventional robot-programming interfaces [54,
60,70].

Finally, language increasingly serves as a medium for grounding 
decisions in external expert knowledge. Through retrieval-augmented 
or tool-augmented designs, embodied systems can access technical 
manuals, process documentation, or troubleshooting information and 
incorporate these sources into planning and reasoning [53,54,82]. This 
is particularly relevant in industrial environments, where correct be-
havior often depends less on general commonsense reasoning than on 
adherence to domain-specific constraints, procedures, and safety rules.
Tactile/haptic. Tactile or haptic input is rare in the current literature 
(4/42), although contact and force information are inherently highly 
relevant for many industrial manipulation and assembly processes. The 
few available examples focus primarily on (i) force/torque sensing in 
manipulation and disassembly [70,91] and (ii) force/pressure informa-
tion in humanoid motion and cooperative tasks [59,84]. Across these 
studies, tactile input appears less as a standalone modality than as a 
complement to vision, proprioception, or control [70,84,91]. Its main 
role is to capture interaction dynamics that cannot be reliably inferred 
from vision alone, especially in contact-rich tasks such as insertion, 
assembly, carrying, or disassembly [70,84,91]. In this respect, haptic 
information is closely tied to physical execution, as it provides direct 
feedback on contact events, alignment errors, load transfer, and task 
progress at the moment of interaction. Haptic signals are used not 
only for safety interlocks, but increasingly also for behavior adapta-
tion and policy refinement [70,84]. At the same time, some systems 
infer interaction forces only implicitly through joint-state deviations or 
related internal signals rather than through dedicated external haptic 
sensors [84]. This broadens the functional role of haptic information, 
but also blurs the boundary between tactile sensing, force estimation, 
and proprioceptive observation.
Other. The category ‘‘Other’’ (15/42) comprises structured, mostly 
low-dimensional inputs that do not fall under classical vision, lan-
guage, or tactile channels. These inputs include proprioceptive robot 
states, process-specific sensor data, auxiliary spatial sensors, and other 
task-dependent observations [76,84,87].

A central subgroup consists of proprioceptive and state-based in-
puts, such as joint angles, joint velocities, gripper states, poses, or 
related internal robot variables [72,73,84]. These signals are partic-
ularly common in reinforcement-learning-based and policy-learning 
settings, where they provide a compact representation of the robot’s 
current configuration and, in some cases, also serve as an implicit proxy 
for environmental interaction dynamics [72,73,78,84]. The literature 
shows that such internal observations are often used to stabilize control 
and to complement more uncertain exteroceptive inputs [72,76].

A second important subgroup consists of process-specific and in-
dustrial sensor data. In these cases, the learning-based component is 
not primarily driven by scene perception, but by measurements tied 
closely to the physics of the underlying operation, such as thermal 
variables, airflow, melt-pool characteristics, or other industrial sensor 
data, e.g., in [87]. Related to this are auxiliary spatial sensors used to 
improve localization and navigation, such as wheel encoders, QR-based 
positioning targets, or LiDAR data, which extend perception beyond 
standard camera-based sensing [76,77].
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This category also includes more specialized observations that re-
flect the diversity of industrial EAI. These range from human-centered 
biosignals and motion-tracking data to relational or adjacency-aware 
state representations in multi-object or collaborative settings [63,71,
78].

4.6.2. Output
Output modalities in industrial EAI are more heterogeneous than 

input modalities, because they reflect not only what a system perceives, 
but also the level at which the learning-based component intervenes in 
the control stack [52,57]. Across the reviewed literature, outputs range 
from direct physical actuation signals to geometric action parameters, 
symbolic task representations, and machine-executable code [52,55,
57,85]. In this sense, the output side is best understood less as a set 
of mutually exclusive categories than as a spectrum of abstraction 
levels, spanning low-level control, mid-level motion specification, and 
high-level semantic or programmatic decision making.

At the lowest level, some systems output continuous control vari-
ables that are mapped directly to robot motion or actuation. These 
include joint commands, motor actions, force- or torque-related sig-
nals, and other physically grounded control variables, especially in 
reinforcement-learning-based or imitation-learning-based settings [55,
75,84]. Such outputs represent the strongest form of embodiment, since 
the learned component is tightly coupled to the robot’s physical action. 
At the same time, this level of control places high demands on robust-
ness, verification, and safety, which helps explain why it is currently 
more common in locomotion, humanoid control, or simulation-heavy 
research settings than in heavily constrained industrial deployment 
scenarios [55,59]. A second level consists of geometric or action-
oriented outputs such as grasp poses, end-effector targets, trajectories, 
navigation commands, or other structured motion parameters [74,76]. 
Here, the learning-based system does not necessarily control the robot 
directly, but instead produces task-relevant motion specifications that 
can be passed to downstream planners or conventional controllers. 
A third level comprises symbolic or programmatic outputs [57]. In 
such systems, the learning-based component generates semantic task 
plans, skill sequences, parameter recommendations, or even machine-
executable instructions such as robot code or G-code [52,85]. This 
type of output is especially characteristic of language-enabled and 
multimodal industrial systems, where the model acts less as a direct 
controller and more as a planner, coordinator, or code-generation inter-
face [57]. Finally, some systems produce intermediate representations 
that are not final actions in themselves, but still function as operational 
outputs for downstream decision making [56,66,85]. These include 
scene graphs, defect geometries, interaction models, or other structured 
representations that summarize the current state of the task in a form 
that can be consumed by planners, policies, or execution modules.

Taken together, the literature suggests that the key distinction on 
the output side is the layer of abstraction at which a system produces 
actionable information. While some approaches operate directly at 
the actuator or joint level, many industrially oriented systems place 
learning-based outputs at a higher level, for example, as poses, semantic 
actions, or machine-readable plans. This indicates that, in industrial 
EAI, output design is strongly shaped by the need to balance em-
bodiment with controllability, interpretability, and safety. However, 
the current state of the art does not yet provide end-to-end systems 
that satisfy these requirements with sufficient reliability for industrial 
deployment.

4.7. Simulation environments

Simulation and reality. Across the reviewed corpus, 25 papers deal 
with real-world setups, 6 contributions combine simulation and real-
world experiments, and 7 records are simulation-only. For four papers, 
this segregation is not applicable or insufficiently specified. This dis-
tribution suggests that the literature remains primarily anchored in 
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Fig. 10. Input and output modalities in the reviewed literature.
real-world validation, while simulation is used more selectively and 
usually for clearly defined methodological purposes. By contrast, the 
sim+real and simulation-only subsets use simulation more directly as 
part of the methodological core, especially when repeated interaction, 
safe exploration, or scalable data generation is required. From the 
perspective of this review, the key distinction is therefore not only 
where experiments are conducted, but why simulation is used.

In the sim+real studies, simulation typically serves to reduce devel-
opment risk, pre-train controllers, align models, or stress-test policies 
before deployment on real hardware, e.g., in [55,81].

In the simulation-only studies, by contrast, the simulator often 
functions as the primary substrate for learning and evaluation, espe-
cially in RL or task generation settings where large numbers of safe 
and repeatable interactions are essential [58,70–72,78]. Overall, the 
literature suggests that simulation in industrial EAI is not used as a 
default condition, but rather as a targeted methodological resource 
when real-world experimentation alone is insufficient.
Types of simulation and their function. Across the 13 papers that involve 
simulation in some form, the dominant pattern is physics-based 3D 
robotic simulation (including CoppeliaSim (RLBench), PyBullet, Isaac 
Gym/Isaac Sim, and RaiSim). Although the specific environments dif-
fer, they share a common functional logic: they provide a controllable 
environment in which robot kinematics, collision and contact dynam-
ics, scene geometry, and at least basic perception mechanisms can be 
coupled during training or evaluation [55,58,70–72,78,81].

Within this group, simulation serves three main functions. First, 
it enables sample-intensive policy learning under safe and repeatable 
conditions, particularly for RL and world-model approaches [58,70,72,
78]. Second, it supports sim-to-real workflows in which controllers or 
learned models are tuned in simulation before or alongside deploy-
ment [55,81]. Third, it can serve as infrastructure for scalable synthetic 
data generation rather than as the environment of a single learning 
agent [80].

A conceptually distinct use of simulation appears in the digital-twin 
approach of the HVAC study [62]. Here, simulation is not primarily 
used as a robotics sandbox for offline learning, but as a plant-specific 
virtual counterpart that runs alongside the physical system and sup-
ports prediction, scenario testing, and control optimization. This ex-
pands the notion of simulation in industrial EAI beyond robot training 
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alone and highlights its role as a cyber–physical tool for process-level 
adaptation. At the same time, the simulation-involving subset remains 
relatively small and methodologically heterogeneous.

4.8. From scratch to VLAs: Learning components and training

To give an overview of the different strategies for incorporating 
learnable components, we categorize the literature by architectures and 
(additional) training strategies. Specifically, we divide the approaches 
into four categories based on their reliance on foundation models: 
(1) no foundation models, (2) LLMs, (3) VLMs, and (4) VLAs. For 
frameworks that use foundation models, we further distinguish between 
training-free deployments and those that require additional training, 
where applicable.
Without foundation models. The first category encompasses approaches 
that do not rely on foundation models. In these works, high-level in-
teraction and broad visual reasoning are largely constrained or omitted 
entirely. This results from the fact that currently, only pre-trained foun-
dation models enable off-the-shelf use or are a starting point for larger 
generalization and generalized reasoning. For example, [92] trains 
different policy algorithms from scratch for basic brick-like pick-and-
place assembly. Similarly, [78] explores an approach to train agents 
to control bipedal robots that collaboratively handle objects. [71] 
trains an RL agent from scratch for compact multi-object placement 
without relying on explicit visual target poses. Exploring behavioral 
cloning, [84] utilizes a teacher-student distillation framework to train 
a proprioception-only policy for human-humanoid collaborative carry-
ing. Overall, these approaches are typically highly specialized rather 
than generalist EAI systems for industrial tasks; they focus on exploring 
and enabling novel morphological capabilities or techniques for basic 
isolated industrial tasks.
Large Language Models (LLMs). As outlined in previous sections, LLM-
heavy frameworks utilize text-based foundation models primarily for 
logical reasoning, task allocation, or code generation. Many of these 
works rely on training-free adaptation methods, such as zero-shot or in-
context learning. For instance, [52] uses GPT-4 via few-shot prompting 
to autonomously design tool paths and act as a high-level task planner. 
Further, [54] also uses GPT-4 coupled with a RAG pipeline to build a 
workcell assistant. [90] uses GPT-4 to interpret tasks via CoT reasoning 
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for HRC. Conversely, other approaches introduce additional training. 
[85] fine-tunes a small LLM model using QLoRA. Similarly, [77] adapts 
a pre-trained LLM through domain-specific fine-tuning on multi-agent 
coordination dialogues and logistics protocols.
Vision-Language Models (VLMs). Frameworks in the third category uti-
lize VLMs to bridge semantic understanding with visual input, though 
they do not natively output continuous physical control actions. Di-
rectly using pre-trained VLMs without fine-tuning is demonstrated, for 
example, by [68], leveraging VLMs as motion failure detectors via 
optimized prompts. [67] uses a frozen VLM core augmented with a 
prompt synthesis module, extending the model’s capabilities to 3D spa-
tial reasoning. [56] utilizes pre-trained VLMs (as agents) for zero-shot 
reasoning to generate semantic scene graphs, enhancing robotic task 
allocation. [57] fine-tunes VLMs to achieve robust situational aware-
ness in narrow-space assembly scenarios. [77] fine-tunes an ImageNet-
pretrained VLM on domain-specific logistics datasets to enable domain-
specific recognition of delivery objects.
Vision-Language-Action models (VLAs). The fourth category
encompasses VLAs, which build upon multimodal foundation models 
but are designed to natively output low-level robotic actions based 
on integrated vision and language inputs. For instance, [65] uses the 
Janus-Pro VLM as a foundation and fine-tunes it on self-collected and 
simulation-synthesized manual data, updating the action expert param-
eters via IL on over 400K real-world trajectories. Further, [66] fine-
tunes a LLaMA-2 backbone extended with an action head, training the 
system on human demonstration videos for multi-arm manipulation.

Reviewing these four categories reveals a clear trend in their design. 
Works that focus on novel morphologies or RL methods for explorative 
demonstrations of basic tasks do not build upon large-scale pre-trained 
foundation models. Among those that do use foundation models, the 
majority utilize LLMs to connect interaction inputs to action outputs. 
Fewer works use VLMs, and even fewer employ VLAs. This disparity 
likely results from the severe data bottleneck. While internet-scale text 
and image data are abundant for pre-training LLMs and VLMs, standard 
web data is insufficient for VLAs. The collection of internet-scale, 
generalized action/kinematic data remains an open challenge, meaning 
VLAs still heavily rely on expensive, task-specific, and domain-specific 
training data. Where research on training generalist VLA depends on 
new large-scale datasets like [74,80] (included in our SLR), datasets 
for fine-tuning industrial-domain VLAs are rare [66,79].

5. Summary

This section synthesizes the current state of EAI in industrial systems 
by projecting our core findings onto our guiding research questions.
Characterization and application of the term EAI (RQ1). Our concep-
tual analysis reveals an inconsistency within the industrial literature 
regarding the use of the term EAI. While the surveyed works fulfill the 
baseline requirement of our definition (Section 2.1), utilizing a physical 
or simulated embodiment, the strict theoretical characteristics of EAI, 
such as end-to-end sensorimotor coupling, situated intelligence, and 
learning constrained by morphology, are frequently absent. Admittedly, 
the practical necessity of profound situated intelligence is debatable 
for highly constrained use cases; an agent operating within a dedi-
cated assembly cell may not require an understanding of the entire 
production facility. Nevertheless, incorporating broader environmental 
stimuli remains essential to elevate the system’s overall intelligence, 
which is a prerequisite for solving complex, unstructured tasks with 
the adaptability of a human factory worker. Often, the term EAI is 
adopted merely as a generic label for modular systems driven by 
decoupled foundation models, treating physical action as a separate, 
sequential output rather than a deeply integrated sensorimotor process. 
This exposes a critical gap between the theoretical EAI definition and 
its current practical implementation in industrial scopes.
18 
Research focuses, applications, and embodiments (RQ2 & RQ3). The tech-
nological trajectory of industrial EAI is driven by six core research 
clusters that are applied unevenly across industrial domains and heavily 
anchored to established hardware. Assembly and Manufacturing serve 
as the primary test beds for clusters focusing on autonomous task 
execution (Cluster 3), proactive HRC (Cluster 1), and robotic dexterity 
(Cluster 4). Yet, the actual operations within these domains frequently 
rely on simple, abstracted sequences. Alternatively, they target highly 
specific, unique niche applications that previously lacked extensive re-
search but now gain a significant boost from learning-based adaptabil-
ity. To enable these use cases, researchers heavily integrate foundation 
models for high-level reasoning and planning (Cluster 2). However, 
these ambitious cognitive goals are almost exclusively implemented 
on stationary six-axis collaborative robot arms. Furthermore, Manufac-
turing and Quality Assurance applications remain bottlenecked because 
current foundation models lack the spatial accuracy and deterministic 
reliability necessary to meet strict industrial tolerances. Conversely, the 
cluster dedicated to mobility and multi-agent systems (Cluster 5) natu-
rally aligns with Logistics applications, representing one of the few areas 
exploring highly mobile morphologies, such as automated platforms 
and humanoid robots. Comprehensive MRO workflows, meanwhile, 
remain exceptionally scarce.

A persistent challenge across all these domains is the sim-to-real 
gap. Whether attempting to scale abstracted assembly tasks (e.g., toy 
examples or peg-in-hole) or deploying mobile agents into dynamic 
logistics facilities, real-world physical complexity remains a severe bot-
tleneck. To directly address this, a dedicated research cluster focuses on 
generating specialized datasets, synthetic data, and simulations (Cluster 
6). This reveals that current industrial EAI prioritizes augmenting the 
cognitive capabilities of standard automation hardware over deploying 
fundamentally new physical forms.
Architectures, modalities, and training paradigms (RQ4 & RQ5). The 
underlying architectures of industrial EAI expose a fundamental tension 
between theoretical fully integrated ideals and practical deployment 
constraints. While vision serves as the dominant input modality, fre-
quently combined with language for supervisory orchestration, tactile 
and haptic feedback remain underutilized despite their relevance for 
physical manufacturing. On the output side, systems mostly favor ad-
vanced semantic plans, geometric poses, or executable code over direct 
actuator control to maintain interpretability and safety. This drives 
a prevalence of decoupled architectures, where pretrained foundation 
models act as modular planners rather than deeply integrated sensori-
motor policies. Consequently, the training landscape is heavily skewed 
toward the use of standard or specifically adapted LLMs and VLMs. VLA 
models, which natively couple perception and physical action, remain 
remarkably rare due to a severe bottleneck in domain-specific training 
data. To mitigate this data scarcity and support highly iterative RL or 
IL, researchers rely on physics-based 3D simulations. However, rather 
than representing comprehensive operational environments, simulators 
are primarily deployed as targeted methodological tools for safe policy 
pretraining and synthetic data generation.

6. Conclusion

This SLR examined the current state of EAI in industrial operations. 
The reviewed literature shows that EAI has clear potential for manufac-
turing, assembly, logistics, quality assurance, and maintenance-related 
tasks, particularly where conventional automation struggles with vari-
ability, uncertainty, and flexible human–robot interaction. However, 
industrial EAI is still at an early stage of maturity. Many works use 
the terminology of EAI, but only partially realize its core principle: 
intelligence emerging from the coupling of embodiment, learning, per-
ception, action, and situated interaction with the environment.

The main barriers to large-scale deployment are architectural and 
practical. Current systems often rely on modular foundation model 
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pipelines that support semantic reasoning and task planning, but re-
main weakly grounded in physical execution. This limits robustness in 
contact-rich, safety–critical, and precision-demanding settings. More-
over, many demonstrations are evaluated in simplified tasks, controlled 
environments, or simulations, leaving open whether they can handle 
real industrial variability such as tolerances, disturbances, changing 
materials, or rare failure cases. The limited use of tactile, force, and pro-
prioceptive feedback further restricts reliable manipulation, while miss-
ing benchmarks and validation standards make deployment readiness 
difficult to assess.

Certification is a further, currently unaddressed barrier: none of 
the reviewed studies consider how learning-based policies would be 
certified for safety–critical operation, even though industrial deploy-
ment must satisfy an increasingly explicit regulatory landscape. Robot 
safety is governed by standards such as ISO 10218-1/-2 [93,94] (with 
the 2025 revision integrating the collaborative-workspace and contact-
force requirements formerly in ISO/TS 15066 [95]) and functional-
safety standards like ISO 13849-1 [96] and IEC 62061 [97]. On the reg-
ulatory side, the EU Machinery Regulation (EU) 2023/1230 [98], appli-
cable from January 2027, for the first time explicitly regulates safety 
components with fully or partially self-evolving machine-learning be-
havior, requiring third-party conformity assessment and a bounded 
task and movement space, while the EU AI Act (EU) 2024/1689 [99] 
classifies AI used as a safety component of machinery as high-risk. 
The non-determinism and limited explainability of end-to-end learned 
policies make conventional verification difficult, further motivating the 
modular, human-supervised architectures observed in our corpus.

Progress in the near future will likely come from task-specific EAI 
systems rather than fully autonomous general-purpose robots. Promis-
ing directions include partially coupled architectures, richer multi-
modal sensorimotor feedback, and high-fidelity simulation for develop-
ment, and industrial benchmarks that evaluate precision, robustness, 
safety, recovery behavior, and economic value. This also applies to 
industrial feasibility: while a few selected studies report proxy indi-
cators such as cycle time, task completion time, hardware cost, data 
cost, or downtime reduction, explicit ROI or payback analyses remain 
largely absent, highlighting the need for future benchmarks to include 
economic and operational metrics alongside technical performance. 
Thus, EAI can move from isolated demonstrations toward scalable 
industrial deployment by closing the gap between high-level reasoning 
and physically reliable execution.
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Appendix

A.1. Search methodology details

This section details the exact search terms and details used for 
gathering the studies from Scopus, IEEE Xplore, and arXiv as input for 
step 1⃝ of the PRISMA workflow, see Fig.  4.

For IEEE Xplore, we used the basic search with a custom search 
string. For SCOPUS, we used the advanced search functionality. For 
retrieving arXiv records, we employed a modified version of the arx-
ivcollector repository taken from https://github.com/koenraijer/
arxivcollector as the official API did not reliably return results. All 
search engines are configured to yield records with a publication date 
as specified in Table  4. For records on arXiv, we defined the v1 sub-
mission date as the relevant timestamp and have modified the retrieval 
script accordingly.

For the searches in IEEE Xplore and arXiv, we used all available 
fields; for the SCOPUS search, we constrained the search to the title, 
abstract, and keyword fields.

IEEE Xplore: Basic search with the exact search string given in Sec-
tion 3.3.2, then manually constraining the date range and downloading 
the results.

SCOPUS: Advanced search constraint to search only the title, ab-
stract, and keywords fields with a date range included in the query 
command:

("Manufacturing" OR "Assembly" OR "Logistic*" OR "Production
System*" OR "MRO" OR "Maintenance, Repair and Overhaul" OR
"Maintenance, Repair, Overhaul") AND ("Embodied AI" OR "Embodied
Intelligence" OR "Agentic AI" OR "Intelligent Robotics" OR
"Physical AI" OR "General Artificial Intelligence" OR "Embodied
AGI" OR "World Models" OR "Vision?Language?Action" OR "Humanoid*")

arXiv: The search URL was constructed by the arxivcollector
script. We searched all arXiv subjects and constrained the date range. 
As arXiv does not provide citation counts, we retrieved the citation 
count using the Semantic Scholar API. For arXiv, we removed wildcards 
and use only the following terms:

Population/Problem: Manufacturing; Assembly; Logistic; Logistics; 
Production System; Production Systems; MRO; Maintenance, Repair 
and Overhaul; Maintenance, Repair, Overhaul.

Intervention: Embodied AI; Embodied AI; Embodied Intelligence; 
Agentic AI; Intelligent Robotics; Physical AI; General Artificial Intel-
ligence; Embodied AGI; World Models; World Model; Vision Language 
Action; Vision-Language-Action; Humanoid; Humanoids.

After record retrieval from the three sources, we applied a post-
retrieval filter stage to enforce our exact search terms to be included in 
the fields title, abstract, or keywords, as we did not constrain the search 
in this regard when using the IEEE Xplore and the arXiv retrieval script. 
This also avoids the issue with results containing non-exact phrases as 
described in Section 3.3.2.

A.2. List of papers

See Table  5. 

https://github.com/koenraijer/arxivcollector
https://github.com/koenraijer/arxivcollector
https://github.com/koenraijer/arxivcollector
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Table 5
Papers assessed in 6⃝ through fulltext screening using the RA checklist and that were not previously rejected due to other reasons.
 Title Year Ref. RA1 RA2 RA3 RA4 Incl. 
 A 3D Reconstruction and Relocalization Method for Humanoid Welding Robots 2025 [100] ✓ ✓ ✓  
 A 3D-printed Neuromorphic Humanoid Hand for Grasping Unknown Objects 2022 [101] ✓ ✓ ✓  
 A Force-Position Hybrid Control for Full-Size Humanoid Robots Based on Adaptive Parameters 2025 [102] ✓ ✓ ✓  
 A Fully-distributed Shape-aware Neural Controller for Modular Robots 2023 [103] ✓ ✓ ✓  
 A Novel Paradigm of Robotic Machining towards Embodied Intelligent Manufacturing: Case Study on Paint Defect Repair 2026 [85] ✓ ✓ ✓ ✓ ✓  
 A Novel RGB-D Cross-Background Robot Grasp Detection Dataset and Background-Adaptive Grasping Network 2024 [74] ✓ ✓ ✓ ✓ ✓  
 A Planar Compound Eye Based Microsystem for High Precision 3D Perception 2024 [104] ✓  
 A Real-Time Perception–Motion Codesign Method for Image-Based Visual Servoing in Embodied Intelligence Systems 2025 [105] ✓ ✓ ✓  
 A Self-Adaptive High Precision Gripper for Shape Variant Components: Towards Higher Reliability and Efficiency of a 
Cobotic Cell

2023 [106] ✓ ✓ ✓  

 Adaptive Mechanical Metamaterials with On-Demand Binary Local Modulus for Embodied Intelligence 2025 [107] ✓  
 Adaptive Robust Control for Fuzzy Mechanical Systems in Confined Spaces: Nash Game Optimization Design 2024 [108] ✓ ✓ ✓  
 Advanced Structural Design for Humanoid Robot Upper Limbs 2025 [109] ✓ ✓ ✓  
 Agentic AI for Intent-Based Industrial Automation 2025 [110] ✓ ✓ ✓  
 Agentic AI for Smart Manufacturing 2025 [111] ✓ ✓ ✓  
 Agentic AI in Smart Manufacturing: Enabling Human-Centric Predictive Maintenance Ecosystems 2025 [112] ✓ ✓ ✓  
 An Integrated Calibration and 3D Reconstruction Method for Humanoid Welding Robots 2025 [113] ✓ ✓ ✓  
 An Intelligent Robotics Modular Architecture for Easy Adaptation to Novel Tasks and Applications 2023 [114] ✓ ✓ ✓  
 Assessing Perceived Discomfort and Proxemic Behavior towards Robots: A Comparative Study between Real and 
Augmented Reality Presentations

2023 [115] ✓ ✓ ✓  

 Automating Robot Failure Recovery Using Vision-Language Models With Optimized Prompts 2024 [68] ✓ ✓ ✓ ✓ ✓  
 Autonomous Assembly Method of 3-Arm Robot to Fix the Multipin and Hole Load Plate on a Space Station 2021 [116] ✓ ✓ ✓  
 AutoPrune: Each Complexity Deserves a Pruning Policy 2025 [117] ✓ ✓  
 Balance Control of a Wheeled Humanoid Robot During the Standing-Up Process Using Backpropagation Neural Networks 2025 [118] ✓ ✓  
 Behavioral Planning and Parameter Meta Learning for Embodied Intelligence Robots in Adaptive Assembly 2026 [70] ✓ ✓ ✓ ✓ ✓  
 Behaviour Range Optimization of the Dexterous Robotic Open Parametric Hand 2025 [119] ✓ ✓ ✓  
 BookBot: A Robotic Manipulation Benchmark for Voice-Driven Book Recognition and Grasping in Cluttered Environments 2025 [120] ✓ ✓  
 Category-Controllable and High-Fidelity 3D Defect Synthesis for Embodied Intelligence-based Industrial Inspection 2026 [121] ✓ ✓ ✓  
 Coaxial Graphene/MXene Microfibers with Interfacial Buffer-Based Lightweight Distance Sensors Assisting Lossless 
Grasping of Fragile and Deformable Objects

2023 [122]  

 Collaboration Between Industrial, Collaborative, Humanoid Robots and Humans. 2025 [123]  
 Compact Multi-Object Placement Using Adjacency-Aware Reinforcement Learning 2024 [71] ✓ ✓ ✓ ✓ ✓  
 Composite Whole-Body Control of Two-Wheeled Robots 2025 [124] ✓ ✓ ✓  
 Conceptual Framework Toward Embodied Collective Adaptive Intelligence 2025 [125]  
 Cooperative Dual-Actor Proximal Policy Optimization Algorithm for Multi-Robot Complex Control Task 2025 [78] ✓ ✓ ✓ ✓ ✓  
 Cooperative Motion Planning for Mobile Humanoid Robots Based on the Manipulability Map 2024 [126] ✓ ✓ ✓  
 Customize-Your-Joy Hand: A User-Oriented, Cost-Effective 22-DOF Platform for Future Human-Robot Community 2025 [127] ✓ ✓  
 Design and Evaluation of a Rigid-Soft Coupling Anthropomorphic Hand System for Grasping Performance Enhancement 2025 [128] ✓ ✓ ✓  
 Design and Validation of a Push-Latch Gripper Made in Additive Manufacturing 2023 [129] ✓ ✓ ✓  
 Design and Validation of a Tendon-Driven Hybrid Rigid-Soft Three-Finger Gripper for Humanoid Robots 2025 [130] ✓ ✓ ✓  
 Design Optimizer for Planar Soft-Growing Robot Manipulators 2024 [131] ✓  
 Development of a Human-Centric Autonomous Heating, Ventilation, and Air Conditioning Control System Enhanced for 
Industry 5.0 Chemical Fiber Manufacturing

2025 [62] ✓ ✓ ✓ ✓ ✓  

 Development of a Simple and Novel Digital Twin Framework for Industrial Robots in Intelligent Robotics Manufacturing 2024 [132] ✓ ✓ ✓  
 DreamArrangement: Learning Language-Conditioned Robotic Rearrangement of Objects via Denoising Diffusion and VLM 
Planner

2025 [133] ✓ ✓ ✓  

 Dual-Arm Mobile Manipulation Planning of a Long Deformable Object in Industrial Installation 2023 [134] ✓ ✓ ✓  
 Dual-Arm Trajectory Tracking Algorithm for Humanoid Robot Based on Fully-Actuated System Approach 2025 [135] ✓ ✓  
 Dynamic Affect-Based Motion Planning of a Humanoid Robot for Human-Robot Collaborative Assembly in Manufacturing 2024 [136] ✓ ✓ ✓  
 Dynamic Torso Compliance Control for Standing and Walking Balance of Position-Controlled Humanoid Robots 2021 [137] ✓ ✓ ✓  
 Echo: An Open-Source, Low-Cost Teleoperation System with Force Feedback for Dataset Collection in Robot Learning 2025 [138] ✓ ✓ ✓  
 Effects of Robotic Expertise and Task Knowledge on Physical Ergonomics and Joint Efficiency in a Human-Robot 
Collaboration Task

2023 [139] ✓ ✓ ✓  

 Embodied Intelligence: Bionic Robot Controller Integrating Environment Perception, Autonomous Planning, and Motion 
Control

2024 [140] ✓ ✓ ✓  

 Embodied Intelligence in Manufacturing: Leveraging Large Language Models for Autonomous Industrial Robotics 2025 [52] ✓ ✓ ✓ ✓ ✓  
 Embodied Intelligence in RO/RO Logistic Terminal: Autonomous Intelligent Transportation Robot Architecture 2025 [83] ✓ ✓ ✓ ✓ ✓  
 Embodying Soft Robots with Octopus-Inspired Hierarchical Suction Intelligence 2025 [141] ✓ ✓ ✓  
 Empowered Smart Manufacturing Based on an Intelligent Robotic Workcell Assistant 2025 [54] ✓ ✓ ✓ ✓ ✓  
 Enabling Flexibility in Manufacturing by Integrating Shopfloor and Process Perception for Mobile Robot Workers 2021 [142] ✓ ✓ ✓  
 Enhancing Human-Robot Teleoperation through Depth Sensing and eXtended Reality 2025 [143] ✓ ✓ ✓  
 ePA*SE: Edge-based Parallel A* for Slow Evaluations 2022 [144] ✓ ✓ ✓  
 Exploring the Cost of Interruptions in Human-Robot Teaming 2023 [145] ✓ ✓  
 Field-Programmable Robotic Folding Sheet 2025 [146] ✓ ✓  
 FieldWorkArena: Agentic AI Benchmark for Real Field Work Tasks 2025 [147] ✓ ✓  
 ‘‘Follower’’ to ‘‘Collaborator’’: A Robot Proactive Collaborative Controller Based on Human Multimodal Information for 3D 
Handling/Assembly Scenarios

2024 [63] ✓ ✓ ✓ ✓ ✓  

 Frictional and Prismatic Pin-Array Gripper for Universal Gripping and Stable Tool Manipulation 2025 [148] ✓ ✓ ✓  
 From Insight to Autonomous Execution: VLM-enhanced Embodied Agents towards Digital Twin-Assisted Human-Robot 
Collaborative Assembly

2026 [57] ✓ ✓ ✓ ✓ ✓  

 From Observation to Action: Latent Action-based Primitive Segmentation for VLA Pre-training in Industrial Settings 2025 [79] ✓ ✓ ✓ ✓ ✓  
 (continued on next page)
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Table 5 (continued).
 Title Year Ref. RA1 RA2 RA3 RA4 Incl. 
 From Production Logistics to Smart Manufacturing: The Vision for a New RoboCup Industrial League 2025 [149] ✓  
 Future Factories with 6G: Agentic AI and Cyber-Physical Digital Twins 2025 [150]  
 GEX: Democratizing Dexterity with Fully-Actuated Dexterous Hand and Exoskeleton Glove 2025 [151] ✓ ✓ ✓  
 Graph-Fused Vision-Language-Action for Policy Reasoning in Multi-Arm Robotic Manipulation 2025 [66] ✓ ✓ ✓ ✓ ✓  
 GY-SLAM: A Dense Semantic SLAM System for Plant Factory Transport Robots 2024 [152] ✓ ✓ ✓  
 HCDA: A Hidden Cross-Domain Authentication Protocol for Embodied Intelligence in Smart Manufacturing 2025 [153] ✓ ✓  
 Human and Humanoid-in-the-Loop (HHitL) Ecosystem: An Industry 5.0 Perspective 2025 [154] ✓ ✓ ✓  
 Human-AI Co-Embodied Intelligence for Scientific Experimentation and Manufacturing 2025 [155] ✓ ✓ ✓  
 Human-Like Movements of Industrial Robots Positively Impact Observer Perception 2023 [156] ✓ ✓  
 Humanoid Ionotronic Skin for Smart Object Recognition and Sorting 2023 [157] ✓ ✓  
 Humanoid Loco-Manipulations Using Combined Fast Dense 3D Tracking and SLAM With Wide-Angle Depth-Images 2024 [158] ✓ ✓ ✓  
 Hybrid Agentic AI and Multi-Agent Systems in Smart Manufacturing 2025 [159] ✓ ✓ ✓  
 Hybrid Reasoning for Perception, Explanation, and Autonomous Action in Manufacturing 2025 [53] ✓ ✓ ✓ ✓ ✓  
 Impact of Verbal Instructions and Deictic Gestures of a Cobot on the Performance of Human Coworkers 2024 [160] ✓ ✓ ✓  
 Improving World Models for Robot Arm Grasping with Backward Dynamics Prediction 2024 [72] ✓ ✓ ✓ ✓ ✓  
 Industrial Collaborative Robotics, Humanoid Cobots, and Social Embodiment: A Critical Look on Human–Robot Interaction 2025 [161] ✓ ✓ ✓  
 Industrial Foundation Model 2025 [162] ✓ ✓ ✓  
 Integrating Virtual Twin and Deep Neural Networks for Efficient and Energy-Aware Robotic Deburring in Industry 4.0 2023 [163] ✓ ✓ ✓  
 Integration of Robotic Vision and Automatic Tool Changer Based on Sequential Motion Primitive for Performing Assembly 
Tasks

2023 [164] ✓ ✓ ✓  

 Intelligent Humanoids in Manufacturing to Address Worker Shortage and Skill Gaps: Case of Tesla Optimus 2023 [165] ✓ ✓ ✓  
 Intelligent Robot Assistants for the Integration of Neurodiverse Operators in Manufacturing Industry 2024 [61] ✓ ✓ ✓ ✓ ✓  
 InternData-A1: Pioneering High-Fidelity Synthetic Data for Pre-training Generalist Policy 2025 [80] ✓ ✓ ✓ ✓ ✓  
 Intrinsic Motivations and Planning to Explain Tool-Use Development: A Study With a Simulated Robot Model 2022 [166] ✓ ✓ ✓  
 ISyHand: A Dexterous Multi-Finger Robot Hand with an Articulated Palm 2025 [167] ✓ ✓ ✓  
 JEMA-SINDYc: End-to-end Control Using Joint Embedding Multimodal Alignment in Directed Energy Deposition 2025 [87] ✓ ✓ ✓ ✓ ✓  
 Large Language Model for Humanoid Cognition in Proactive Human-Robot Collaboration 2024 [90] ✓ ✓ ✓ ✓ ✓  
 Learning Accurate and Efficient Three-Finger Grasp Generation in Clutters with an Auto-Annotated Large-Scale Dataset 2025 [168] ✓ ✓ ✓ ✓ ✓  
 Learning Agile Hybrid Whole-body Motor Skills for Thruster-Aided Humanoid Robots 2022 [55] ✓ ✓ ✓ ✓ ✓  
 Learning Dynamic Robot-to-Robot Object Handover 2023 [169] ✓ ✓ ✓  
 Learning Human-Humanoid Coordination for Collaborative Object Carrying 2025 [84] ✓ ✓ ✓ ✓ ✓  
 Leveraging Procedural Generation for Learning Autonomous Peg-in-Hole Assembly in Space 2024 [69] ✓ ✓ ✓ ✓ ✓  
 MagicGripper: A Mini-MagicTac Integrated Gripper Enabling Multimodal Perception in Contact-Rich Manipulation 2025 [170] ✓ ✓ ✓  
 MagicGripper: A Multimodal Sensor-Integrated Gripper for Contact-Rich Robotic Manipulation 2025 [171] ✓ ✓ ✓  
 ManualVLA: A Unified VLA Model for Chain-of-Thought Manual Generation and Robotic Manipulation 2025 [65] ✓ ✓ ✓ ✓ ✓  
 MAPF-World: Action World Model for Multi-Agent Path Finding 2025 [172] ✓ ✓  
 Markerless Force Estimation via SuperPoint-SIFT Fusion and Finite Element Analysis: A Sensorless Solution for Deformable 
Object Manipulation

2025 [173] ✓ ✓  

 Mechanical Design of a New Anthropomorphic Robot for Fastening in Wing-Box 2021 [174] ✓ ✓ ✓  
 Mimic-One: A Scalable Model Recipe for General Purpose Robot Dexterity 2025 [73] ✓ ✓ ✓ ✓ ✓  
 Mobile Robot Obstacle Detection and Avoidance with NAV-YOLO 2024 [89] ✓ ✓ ✓ ✓ ✓  
 Model Reconstruction-Based Optimal Adaptive Prescribed Time Control for Multi-Stage Precision Robotic Arms: Inequality 
Constraints, Uncertainties, Disturbances

2025 [175] ✓ ✓  

 MPLP: Massively Parallelized Lazy Planning 2021 [176] ✓ ✓ ✓  
 Multimodal Perception for Indoor Mobile Robotics Navigation and Safe Manipulation 2025 [76] ✓ ✓ ✓ ✓ ✓  
 Multi-Modal Sensing and Perception for Humanoid Service Robots 2023 [177] ✓ ✓  
 Natural Entanglement Inspired Cilia-Like Soft Gripper for Rapid Adaptive Grasping 2025 [178] ✓ ✓ ✓  
 OC-HMAS: Dynamic Self-Organization and Self-Correction in Heterogeneous Multiagent Systems Using Multimodal Large 
Models

2025 [77] ✓ ✓ ✓ ✓ ✓  

 Open Arms: Open-Source Arms, Hands &amp; Control 2022 [179] ✓ ✓ ✓  
 OpenPyRo-A1: An Open Python-Based Low-Cost Bimanual Robot for Embodied AI 2026 [88] ✓ ✓ ✓ ✓ ✓  
 Optimizing Path Planning for Automated Guided Vehicles in Constrained Warehouse Environments: Addressing the 
Challenges of Non-Rotary Platforms and Irregular Layouts

2025 [180] ✓ ✓ ✓  

 PaTS-Wheel: A Passively-Transformable Single-Part Wheel for Mobile Robot Navigation on Unstructured Terrain 2024 [181] ✓ ✓ ✓  
 Perception-Decision-Execution Coordination Mechanism Driven Dynamic Autonomous Collaboration Method for 
Human-like Collaborative Robot Based on Multimodal Large Language Model

2026 [82] ✓ ✓ ✓ ✓ ✓  

 Performance-Enhanced Flexible Self-Powered Tactile Sensor Arrays Based on Lotus Root-Derived Porous Carbon for 
Real-Time Human–Machine Interaction of the Robotic Snake

2024 [182] ✓ ✓  

 Physical AI Agents: Integrating Cognitive Intelligence with Real-World Action 2025 [183]  
 Preparatory Manipulation Planning Using Automatically Determined Single and Dual Arm 2020 [184] ✓ ✓ ✓  
 Q-Bot: Heavy Object Carriage Robot for in-House Logistics Based on Universal Vacuum Gripper 2020 [185] ✓ ✓ ✓  
 Reinforcement Learning Control of a Humanoid Robotic Hand Actuated by Shape Memory Alloy 2021 [75] ✓ ✓ ✓ ✓ ✓  
 Reinforcement Learning with Vision-based State Estimation for Generalized Robotic Assembly 2025 [92] ✓ ✓ ✓ ✓ ✓  
 Research on Human-Computer Interaction Interface Design Based on User Experience 2024 [186] ✓ ✓  
 Research on Human–Machine Collaboration System for Intelligent Manufacturing - Based on Multi-source Data Fusion 2025 [187] ✓  
 Research on Humanoid Robot Motion Generation and Real-Time Trajectory Optimization Based on Sparse Attention 
Mechanism in Deep Reinforcement Learning

2025 [59] ✓ ✓ ✓ ✓ ✓  

 Research on the Application of Embodied Intelligent Robots in Logistics Support 2025 [188] ✓ ✓  
 Residual Force Control for Agile Human Behavior Imitation and Extended Motion Synthesis 2020 [189] ✓ ✓  
 Reversible Execution for Robustness in Embodied AI and Industrial Robots 2021 [190] ✓ ✓ ✓  
 Revolutionizing Battery Disassembly: The Design and Implementation of a Battery Disassembly Autonomous Mobile 
Manipulator Robot(BEAM-1)

2024 [91] ✓ ✓ ✓ ✓ ✓  

 Revolutionizing Clean Energy Labs: Robotic Imitation Learning for Efficient Fabrication AI-powered Electrical Units 
Assembly Platform

2025 [60] ✓ ✓ ✓ ✓ ✓  

 (continued on next page)
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Table 5 (continued).
 Title Year Ref. RA1 RA2 RA3 RA4 Incl. 
 RL-augmented MPC Framework for Agile and Robust Bipedal Footstep Locomotion Planning and Control 2024 [191] ✓ ✓ ✓  
 RoboHorizon: An LLM-Assisted Multi-View World Model for Long-Horizon Robotic Manipulation 2025 [58] ✓ ✓ ✓ ✓ ✓  
 RoboOS: A Hierarchical Embodied Framework for Cross-Embodiment and Multi-Agent Collaboration 2025 [192] ✓ ✓ ✓  
 Robot Compliance Control Framework for Grinding Thin-Walled Parts with Unknown Surface: Deformation and 
Orientation Adaptation

2026 [193] ✓ ✓ ✓  

 Robotic Automation in Apparel Manufacturing: A Novel Approach to Fabric Handling and Sewing 2025 [194] ✓ ✓ ✓  
 SAM-RL: Sensing-aware Model-Based Reinforcement Learning via Differentiable Physics-Based Simulation and Rendering 2025 [81] ✓ ✓ ✓ ✓ ✓  
 Scalable Inflatable Origami Robot Modules With Proprioceptive Closed-Loop Shape Control 2025 [195] ✓ ✓ ✓  
 Semantic 3D Scene Segmentation for Robotic Assembly Process Execution 2023 [196] ✓ ✓ ✓  
 Semi-Autonomous, Virtual Reality Based Robotic Telemanipulation for the Execution of Peg-In-Hole Assembly Tasks 2024 [197] ✓ ✓  
 Single Layered Soft Skin Actuated with Twisted and Mandrel Coiled Actuators for Soft Robotics 2024 [198] ✓  
 Skeletal Feature Compensation for Imitation Learning with Embodiment Mismatch 2022 [199] ✓ ✓ ✓  
 Smart Factory Humanoid Robots with Cognitive Architectures for Human-Inspired Tasks 2025 [200] ✓ ✓ ✓  
 Soft-Rigid Coupled Blade Leg Achieves Spatio-temporal Terrain Classification with Minimal Sensor Configuration 2025 [201] ✓ ✓ ✓  
 Step Toward Deploying the Torque-Controlled Robot TALOS on Industrial Operations 2023 [202] ✓ ✓ ✓  
 STORM: Segment, Track, and Object Re-Localization from a Single Image 2025 [203] ✓ ✓ ✓  
 Terrain-Aware Hierarchical Control Framework for Dynamic Locomotion of Humanoid Robots 2025 [204] ✓ ✓ ✓  
 Three-Dimensional-Grounded Vision-Language Framework for Robotic Task Planning: Automated Prompt Synthesis and 
Supervised Reasoning

2026 [67] ✓ ✓ ✓ ✓ ✓  

 Time-to-Fault Prediction Framework for Automated Manufacturing in Humanoid Robotics Using Deep Learning 2025 [205] ✓ ✓ ✓  
 Towards Intelligent Robotic Sole Deburring: From Burrs Identification to Path Planning 2024 [86] ✓ ✓ ✓ ✓ ✓  
 Train a Robot to Climb Staircase Using Vision-Base System 2022 [206] ✓ ✓  
 Transporting Heavy Payloads with a Humanoid Riding a Hoverboard 2025 [207] ✓ ✓ ✓  
 Vision Language Model-Enhanced Embodied Intelligence for Digital Twin-Assisted Human-Robot Collaborative Assembly 2025 [64] ✓ ✓ ✓ ✓ ✓  
 Vision-Driven Robotic Grasping Order Generation Using Segmentation and Relative Positioning in a Cluttered Environment 2025 [208] ✓ ✓ ✓  
 VLM-MSGraph: Vision Language Model-enabled Multi-hierarchical Scene Graph for Robotic Assembly 2025 [56] ✓ ✓ ✓ ✓ ✓  
 Wheeled Humanoid Bilateral Teleoperation with Position-Force Control Modes for Dynamic Loco-Manipulation 2024 [209] ✓ ✓ ✓  
Data availability

No data was used for the research described in the article.
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