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Abstract. The rapid advancements in generative artificial intelligence (GenAI) 

are reshaping industries and redefining AI’s role in society. Moving beyond 

purely generating content, GenAI-enabled agents now demonstrate autonomous, 

goal-driven behavior. The next frontier in GenAI lies in embodiment, enabling 

real-time perception, reasoning, and action in physical systems. While prior re-

search focuses on the embodiment potential and real-world applications of gen-

erative models, systematic classification and evaluation remain scarce. By devel-

oping a taxonomy based on a systematic literature review and 40 real-world in-

stances this paper addresses this gap. Comprising three meta-characteristics, 16 

dimensions, and 50 characteristics, our taxonomy serves as a foundation for fu-

ture research and offers practitioners a framework to analyze and optimize 

emerging applications. By shedding light on key characteristics, this study paves 

the way for informed decision-making in fields ranging from service robotics to 

industrial automation. 

Keywords: Generative Artificial Intelligence, Embodied AI, Autonomous 

Agents, Human-GenAI Collaboration. 

1 Introduction 

The recent developments in the field of generative artificial intelligence (GenAI) have 

disrupted businesses, academia, as well as our daily lives (Chui et al., 2023; Susarla et 

al., 2023). Large language model (LLM) based GenAI applications are capable of gen-

erating marketing content, democratize education, or enable users to quickly summa-

rize and translate complex information, empowering its users with simple natural lan-

guage prompts (Banh & Strobel, 2023; Ooi et al., 2025). Studies project that the global 

GenAI market will reach $356.05 billion by 2030, significantly impacting the produc-

tivity of workers and organizations (Chui et al., 2023; Noy & Zhang, 2023; Statista 

Market Insights, 2024). However, GenAI has been traditionally operated within digital 

confines accessible through web applications and mobile devices (Strobel et al., 2024). 

With the advancements of more sophisticated GenAI-enabled agents, the focus shifts 

from purely generating content to agentic behavior where systems can reason to auton-



 

 

omously accomplish goals in an adaptive manner by interacting with the (physical) en-

vironment (Acharya et al., 2025; Nwankwo & Rueckert, 2024). For instance, systems 

like OpenAI’s Operator are able to navigate software interfaces, do internet research, 

book services, and coordinate with applications and the internet (OpenAI, 2025).  

To bridge the physical-digital gap, research and development have pursued the field 

of embodied AI, an idea that stems from embodied intelligence, where intelligence 

arises from the integration of perception, reasoning, learning, (physical) action, and 

real-time interaction (Duan et al., 2022; Paolo et al., 2024; Pfeifer & Iida, 2004). Here, 

AI has already been successfully integrated into physical bodies (i.e., robots) for stabi-

lization, object recognition, and navigation (Bai et al., 2020; Radosavovic et al., 2024; 

Zhu & Zhang, 2021). Nonetheless, these systems have so far relied on human control 

or predefined rule-based scenarios, missing the essence of embodied intelligence.  

Emerging from the interplay between agentic behavior of GenAI and embodied AI 

in robotics research, academia and practice both have catalyzed a paradigm shift which 

results in GenAI extending its capabilities to interact with the physical world (e.g., Da 

Silva et al., 2024; Fan et al., 2025). The integration of GenAI into physical embodi-

ments allow for a naturalistic interaction schema with human users through the LLM’s 

inherent natural language processing capabilities (Nwankwo & Rueckert, 2024). Fur-

thermore, the large corpus of real-world data generative models have been trained on 

enable an advanced understanding of the physical environment (J. Gao et al., 2024; W. 

Lai et al., 2024). Companies such as Boston Dynamics have already developed embod-

ied GenAI robots that leverage GenAI to create value to their users through a novel step 

of intelligence. However, the heterogenous field of artifacts leads to a gap in under-

standing the defining characteristics of embodied GenAI, particularly regarding the re-

lationship between GenAI-driven intelligence, robotic embodiment, and overall system 

functionality. Previous studies have focused on either technically developing and eval-

uating different kinds of generative models for robotic use cases, such as LLMs and 

vision-language models (VLM) or on conceptual overviews like surveys (Brohan et al., 

2023; Kim et al., 2024). However, an examination of real-world use cases of embodied 

GenAI as well as a conceptualization of characteristics and capabilities is yet to be 

conducted to structure the fast-changing landscape and guide researchers and practi-

tioners in making informed decisions. This leads to our research question: How can 

embodied GenAI be classified in terms of its core dimensions and attributes? 

To address this question, we develop a taxonomy following the approach of Nicker-

son et al. (2013). Our methodology combines insights from a systematic literature re-

view and 40 empirical cases of embodied GenAI systems. We define embodied GenAI, 

outline our two-step taxonomy development process, present and validate the taxonomy 

using the identified cases, and conclude with a discussion of findings, implications, and 

limitations. 

2 Embodied Generative Artificial Intelligence 

GenAI refers to the capability of AI models, to generate novel data rather than merely 

classifying existing data (Banh & Strobel, 2023; Feuerriegel et al., 2024). It serves as 



 

 

both a general-purpose technology and a domain-specific solution, continuously ex-

panding into new fields while transforming established domains such as healthcare and 

manufacturing (Ooi et al., 2025). For instance, chatbots, which were initially rule-based 

interaction partners, have evolved into comprehensive copilots based on GenAI capable 

of processing and generating multimodal inputs and outputs, including text, images, 

and audio (Banh & Strobel, 2023). Recent advancements in GenAI can be classified 

into two pathways. First, research aims to deploy GenAI systems as adaptive autono-

mous agents in digital environments. In this context, adaptivity refers to the system’s 

ability to adjust itself to varying environments and situations. Second, efforts are being 

made to enhance GenAI's understanding of physics and real-world objects, enabling 

effective interaction with its physical environment (Ahn et al., 2022; W. Lai et al., 

2024). As a result, new approaches have emerged, such as VLMs and world foundation 

models extending beyond text-based LLMs (Agarwal et al., 2025; J. Gao et al., 2024). 

Simultaneously, robotics research strives to automate physical-world tasks and sup-

port humans in various capacities through robots enhancing productivity, working con-

ditions (Chugh et al., 2024; Fan et al., 2025; Nwankwo & Rueckert, 2024). AI-powered 

capabilities such as body stabilization, navigation, and collision prevention play a cru-

cial role (Radosavovic et al., 2024; Wiedebach et al., 2016; Zhu & Zhang, 2021). De-

spite these advancements, robots still largely remain passive entities, executing prede-

fined actions or requiring manual human control. A promising solution is to integrate 

advancements from robotics, GenAI, and agentic AI research into embodied GenAI. 

Embodied GenAI ca be defined as the integration of GenAI into physical systems 

(e.g., robots, drones, vehicles) to enable intelligent, autonomous, and interactive agents 

as a holistic information system (Abeyruwan et al., 2025; Azzolini et al., 2025). Auton-

omy refers to the system's ability to operate independently and in a goal-directed man-

ner without user intervention enabling task automation and decision-making (Acharya 

et al., 2025). A physical system is one that perceives and engages (i.e., interactivity) 

with the environment (i.e., physical world and its entities) through sensors and actua-

tors, and can physically manipulate or respond to elements within its surroundings 

(Duan et al., 2022; Pfeifer & Iida, 2004). GenAI provides intelligence to the physical 

system. In this case, intelligence refers to general understanding of the physical world 

and the generation of appropriate embodied decisions, such as positioning within an 

environment, executing manipulation tasks, handling open-vocabulary instructions, 

and facilitating dynamic interactions and continuous learning (Abeyruwan et al., 2025; 

Kato et al., 2024; Paolo et al., 2024). 

3 Research Design 

Based on our research question, we build a taxonomy following Nickerson et al. (2013) 

with to goal of identifying and understanding the key attributes of embodied GenAI. 

To establish a reliable foundation for the taxonomy, we follow a combined approach 

that incorporates both academic literature (conceptual-to-empirical) and empirical data 

from existing systems (empirical-to-conceptual). This approach has already proven it-

self in the literature (e.g., Börner, 2024; Brogt & Strobel, 2020; Gimpel et al., 2018). 



 

 

Our objective is to develop a scientifically grounded and practical framework that 

clearly defines the key dimensions and characteristics of embodied GenAI. The scope 

of the taxonomy is to classify a specific instantiation of an embodied GenAI system, 

which is characterized by a particular embodiment and a specific GenAI model, func-

tioning together as a unified entity. To achieve this, we first decompose the concept of 

embodied GenAI into two core elements: embodiment, rooted in robotics research, and 

intelligence, derived from GenAI. Additionally, considering its integration into a holis-

tic system completes this perspective, leading to the three overarching meta-character-

istics: embodiment, intelligence, and system. The corresponding ending conditions of 

our taxonomy development are based on Nickerson et al.’s (2013) subjective ending 

conditions, along with the following objective ending conditions: “Every dimension is 

unique and not repeated; Every characteristic is unique within its dimension” (Nicker-

son et al., 2013, p. 344).  

The first iteration (conceptual-to-empirical) establishes the foundation of the tax-

onomy by identifying an initial set of dimensions and characteristics based on existing 

literature. To achieve this, we perform a systematic literature review following the 

methodology of Webster and Watson (2002) and vom Brocke et al. (2009), creating a 

comprehensive knowledge base as the starting point for taxonomy development as 

shown in Figure 1.  
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Figure 1. Systematic Literature Review 

Our search query is guided by our meta-characteristics and integrates GenAI with 

embodiment, incorporating relevant synonyms: "("generative artificial intelligence" 

OR "GenAI" OR "LLM" OR "language model" OR "chatbot" OR "conversational 

agent") AND ("embodi*" OR "robot*" OR "drone")". The search was conducted based 

on title, abstract, and keyword in six established academic databases (e.g., AISeL, IEEE, 

ACM, etc.). To ensure a high-quality selection, we applied exclusion criteria, restricting 

the dataset to peer-reviewed articles in English in accordance with our understanding 

of embodied GenAI. We excluded purely technical paper, e.g., benchmarks of GenAI 

models. The initial search yielded 3,687 results, which were reduced to 2,366 after re-

moving duplicates and non-peer-reviewed papers. A title-abstract-keyword screening 

narrowed the selection to 113 papers, which were full screen, resulting in a set of 80 

relevant papers. Forward and backward searches for the selected full texts resulted in a 

final dataset of 88 papers (see online appendix: https://bit.ly/embodied_genai_taxon-

omy). The final dataset includes papers on generative AI models developed for embod-

iment, applications of LLMs tested in physical contexts, and robotic systems, such as 

drones and autonomous vehicles, that integrate generative AI. During the first iteration, 

https://bit.ly/embodied_genai_taxonomy
https://bit.ly/embodied_genai_taxonomy


 

 

we assessed the identified dimensions and characteristics against the meta-characteris-

tics and ending conditions, which were not yet fully met, particularly regarding con-

ciseness and comprehensiveness. Thus, we conduct a second iteration (empirical-to-

conceptual) by analyzing embodied GenAI systems. We triangulated publicly availa-

ble data sources (e.g., websites, blog posts, product presentations) of organizations 

which develop and/or sell embodied GenAI systems, resulting in 40 real world cases. 

These sources provide insights into the characteristics, functionalities, and applications 

of embodied GenAI (see online appendix). The case analysis was discussed among the 

authors to ensure reliability. Finally, the classification of the real-world cases confirms 

that both objective ending conditions and the subjective ending conditions are met. 

4 A Taxonomy of Embodied Generative Artificial Intelligence 

Our taxonomy of embodied GenAI comprises three meta-characteristics, 16 dimen-

sions, and 50 associated characteristics (Figure 2). These characteristics are classified 

as either mutually exclusive (ME) or non-exclusive (N). 

MutualCharacteristicsDimension

NCode (23)Imitation (8)
Remote 

Controller (11)
Touch (6)Verbal (35)Gesture (19)Interface

E
m

b
o

d
im

en
t

MESuperhuman (3)Human-Like (28)Functional (9)Perception

NRepositioning (28)Communication (31)Manipulation (27)Actions

NExpressive (16)Functional (35)Static (1)Movement

MEAnthropomorphic (24)Zoomorphic (4)Functional (12)Appearance

MEAutonomous (25)Semi-Autonomous (13)Heteronomous (2)Autonomy

In
te

ll
ig

en
ce

NProactive (27)Reactive (31)Agency

NExecution (35)Planning (28)Analyzing (34)Capability

MELearning (15)Memory (12)Pre-Trained (13)Knowledge

MEUniversal (24)Fixed (11)Core (5)Functionality

NCloud (30)Edge (3)On-Premise (32)Location

MEAgnostic (9)Tied (31)
Embodiment 

Dependency

MEOpen (9)Semi-Open (16)Closed (15)Openness

MEGroup (22)Dyadic (12)Isolated (6)Interaction

S
y
st

em NWith other System(s) (25)With Human(s) (32)Solo (36)Collaboration

NAestethic (9)Societal (22)Psychological (7)Operational (34)
Perceived 

Value  

Figure 2. Embodied Generative Artificial Intelligence Taxonomy 

4.1 Embodiment 

The embodiment serves as the physical foundation of embodied GenAI, anchoring the 

intelligence provided by GenAI in the real world (Ahn et al., 2022; Paolo et al., 2024). 

It encompasses design as well as input and output capabilities. 

Interface is the non-mutually exclusive input layer between humans and embodied 

GenAI. It encompasses various interaction modalities, including gesture-based control 

through camera-detected movements, verbal interaction via speech or text, and touch-



 

 

based engagement with physical components or embedded touchscreens (Yuhan Hu et 

al., 2025; Y. Z. Lai et al., 2024; Nwankwo & Rueckert, 2024). Additionally, remote 

control methods include gamepads and smartphone apps for manual navigation. Some 

systems employ imitation, where AI mimics human actions using vision-based tracking 

or teleoperation, while others allow code-based input for fine-grained control. 

Perception in embodied GenAI encompasses its multi-modal ability to interpret sen-

sory data (Firoozi et al., 2024; Kim et al., 2024; Paolo et al., 2024). It can be categorized 

into three mutually exclusive levels: Functional perception encompasses fundamental 

environmental sensing, including visual, auditory, and haptic input (Al Moubayed et 

al., 2012; Chamiti et al., 2024). Human-like perception extends functional perception 

by integrating facial and mental state recognition (Abe et al., 2012; Sievers & Russwin-

kel, 2024), emotion tracking (Cherakara et al., 2023; Etesam et al., 2024), object and 

voice recognition, language understanding (Chen et al., 2023; Cui et al., 2024), and 

reasoning about physics and world concepts (B. Shi et al., 2024; Hwang et al., 2024; 

W. Lai et al., 2024). Superhuman perception surpasses human capabilities by integrat-

ing digital data from external sources such as the Internet, IoT devices, and advanced 

sensory inputs like 360-degree 3D point clouds, ultrasonic frequencies, and gas detec-

tion, enabling a comprehensive understanding of the environment (Akl et al., 2025). 

Actions define the non-mutually exclusive output capabilities of embodied GenAI 

(Paolo et al., 2024). This includes communication actions by embodied GenAI systems 

through, e.g., gestures, facial expressions, activation of signal lights, and verbal inter-

action via speech or text (Da Silva et al., 2024; B. Ding et al., 2024; Holgado et al., 

2024). Beyond communication, actions involve manipulation of the environment, such 

as picking, placing, or pushing objects (Y. Ding et al., 2023; Jeong et al., 2024), as well 

as self-repositioning, where the system moves through space to enhance its perception 

or complete tasks (W. Z. Cai et al., 2024; Dorbala et al., 2024). 

Movement is characterized by the motivation behind motions of embodied GenAI. 

If the system does not have the ability to move, we categorize it as a static systems 

(Cherakara et al., 2023). If the system is capable of movement, a distinction is made 

between functional and expressive movements, which can occur simultaneously, mak-

ing this dimension non-mutually exclusive. Functional movement includes self-reposi-

tioning and object manipulation for executing tasks or improving perception. Expres-

sive movement enhances communication by conveying intention, attention, attitude, 

and emotion. Intention helps users anticipate actions, while attention is signaled 

through gaze or gestures like waving (Gasteiger et al., 2024; Serfaty et al., 2023). Here, 

attitude is expressed through gestures such as nodding, while emotion is simulated via 

movement patterns, e.g., bouncy motions for happiness, slow motions for relaxation, 

lowered head for sadness, and abrupt movements for fear (Yuhang Hu et al., 2024; 

Sievers & Russwinkel, 2024; Wang et al., 2024). Effective expressiveness aligns with 

the interaction goal, be convincing, and maintain character consistency (Nichols et al., 

2023; Paplu et al., 2021), contributing to a credible personality (Makkonen et al., 2022).  

Appearance of embodied GenAI varies mutually exclusively from functional to zo-

omorphic and anthropomorphic designs (Yuhan Hu et al., 2025). Functional embodi-

ments like industrial machines or autonomous vehicles are optimized for specific tasks. 

For example, a robotic vacuum cleaner is designed to be slim and flat to clean under 



 

 

furniture, while an industrial system prioritizes degrees of movement and strength of 

its manipulators (Choi et al., 2021; Jia et al., 2024; Wu et al., 2023). In contrast, zoo-

morphic and anthropomorphic designs are modeled after animals (Sathyamoorthy et 

al., 2024; Schnitzer et al., 2024; Zhang et al., 2024) or humans (Antikatzidis et al., 2024; 

Seppelfelt et al., 2022), respectively, to enhance trust and acceptance through familiar 

appearances (Janeczko & Foster, 2022). These designs are practical for systems oper-

ating in human-optimized environments, as natural counterparts demonstrate both free 

mobility (zoomorphic designs) and tool usage (anthropomorphic designs). While sub 

forms may exist (e.g., anthropomorphic upper bodies mounted on wheels) they are still 

inspired by human or animal forms and do not represent purely functional designs. 

4.2 Intelligence 

The intelligence, powered by the latest GenAI models, operates within the embodiment, 

shaping its capabilities and interactions. 

Autonomy determines how independently and goal-directed embodied GenAI can 

operate without user intervention, divided into three successive level (Makkonen et al., 

2022). Heteronomous systems require active human control and direct commands to 

operate. Semi-autonomous systems leverage GenAI to interpret open-vocabulary com-

mands, autonomously reason intermediate steps to execute tasks (Y. Ding et al., 2023; 

Li et al., 2023; Tsushima et al., 2025). Autonomous systems function without additional 

user input, independently pursuing goals. 

Agency in embodied GenAI defines the system's intelligence in terms of its ability 

to take initiative and respond to external stimuli, with both characteristics potentially 

occurring simultaneously (Chugh et al., 2024; Yuhan Hu et al., 2025; Kim et al., 2024). 

Proactive intelligence involves anticipating future situations as well as independently 

initiating interactions and actions driven by high-level objectives (Paolo et al., 2024). 

This can be enhanced through knowledge integration, allowing the system to autono-

mously guide conversations by recalling past interactions. Reactive intelligence refer 

to a embodied GenAI system’s ability to respond to environmental changes in real time 

(Makkonen et al., 2022). Similar to human reflexes, these immediate responses ensure 

stability and contribute to self-preservation (Paolo et al., 2024). 

Capability encompasses the embodied system’s cognitive abilities enabled by 

GenAI models. In some systems, only a single capability is present, while others com-

bine multiple capabilities within their intelligence. In this context, GenAI may also 

function as a shared intelligence, coordinating multiple embodied GenAI systems 

within a network. Analyzing involves real-time processing and interpretation of sensory 

input (Fang et al., 2024; Firoozi et al., 2024; Jeong et al., 2024). It involves context 

understanding and task grasping to infer user intent from incomplete instructions (Ahn 

et al., 2022). Key aspects include recognizing world concepts (B. Shi et al., 2024), such 

as zero-shot object detection (Firoozi et al., 2024), and material properties like fragility, 

mass, etc. (J. Gao et al., 2024). Planning involves organizing tasks and actions, includ-

ing decision-making (Dalal et al., 2024; Holgado et al., 2024; Qi & Jing, 2024) and 

movement planning (Ahn et al., 2022; B. Shi et al., 2024; W. H. Cai et al., 2024). Zero-

shot task planning plays a key role, enabling embodied GenAI to plan solutions without 



 

 

prior examples (Kapelyukh et al., 2024; Vemprala et al., 2024). Key aspects include 

assessing task feasibility through goal imagination (Aregbede et al., 2024), recognizing 

required subtasks (B. Shi et al., 2024), and simulating action outcomes (Cao et al., 2024; 

Chu et al., 2024). Safety considerations are critical, particularly in human-robot collab-

oration (Varley et al., 2024). Execution includes low-level control of actuators triggered 

by using API calls (Chu et al., 2024; Sun et al., 2024; Yoshida et al., 2023) 

Knowledge in embodied GenAI describes the system's ability to acquire and utilize 

knowledge beyond its pre-trained understanding. The individual levels of knowledge 

build upon each other being mutually exclusive. Pre-trained knowledge represents the 

foundation based on embedded information from GenAI model training, including do-

main expertise in certain cases (Banh & Strobel, 2023; Brohan et al., 2023; Hasko et 

al., 2023). Specialized multimodal vision and task-planning models that enable real-

world understanding are particularly relevant in the context of embodied GenAI (Driess 

et al., 2023; Firoozi et al., 2024; J. Gao et al., 2024). Memory extends pre-trained 

knowledge by acquired knowledge through perception and processing (Da Silva et al., 

2024; Hasko et al., 2023; Kang et al., 2024). It also includes the capacity to retain past 

experiences (Paolo et al., 2024), which is particularly relevant for multitasking, object 

state tracking, and remembering conversational context (Ali et al., 2024; Saravanan et 

al., 2022). Learning, builds on pre-trained knowledge and memory to develop new 

skills (Paolo et al., 2024). While learning relies on memory, it is not synonymous with 

it; the use of memory does not necessarily lead to learning. One application of learning 

is adapting to user preferences to personalize systems (Wu et al., 2023). 

Functionality in embodied GenAI ranges mutually exclusive from core over fixed 

to universal, reflecting both the system’s purpose and adaptability. Systems with core 

functionality can adapt slightly to new contexts, being capable of executing essential 

baseline tasks such as perception, environmental interaction, and navigation (Anwar et 

al., 2024; Dorbala et al., 2024). Fixed functionality describes domain-specific systems 

with moderate adaptability, allowing adjustment within a predefined purpose. These 

systems are optimized for specific applications, for example service (e.g., receptionists, 

waiters, chefs) (Antikatzidis et al., 2024; Gasteiger et al., 2024; Kanazawa et al., 2024), 

industrial use (Choi et al., 2021; Fan et al., 2025), etc. At the highest level, universal 

systems are multi-functional capable of dynamically adapting to diverse environments 

and tasks, independent of a fixed application domain (Makkonen et al., 2022). They 

generalize across use cases, making them general-purpose GenAI-driven embodiments. 

Location of the intelligence in embodied GenAI systems varies depending on com-

putational requirements and latency constraints but can also be distributed and com-

bined as needed. On-premise deployment runs GenAI directly on the embodiment’s 

hardware, but limited processing power restricts the use of large models (Strobel et al., 

2024). Edge computing places GenAI near the embodiment, utilizing more powerful 

hardware while maintaining low latency (Dong et al., 2024; Grumeza et al., 2024; 

Sundaravadivel et al., 2024). Cloud-based deployment offers scalability and high com-

putational power introducing latency due to remote processing (Dong et al., 2024). 

Embodiment Dependency describes two distinct characteristics of the relationship 

between intelligence and physical form. While GenAI models are inherently independ-



 

 

ent, their deployment within an embodiment requires adaptation to its specific charac-

teristics, to effectively analyze, plan, and execute actions (tied intelligence) (Qi & Jing, 

2024; Sun et al., 2024). Agnostic intelligence can operate through standardized frame-

works like ROS2, enabling seamless integration across various hardware platforms by 

adapting to different embodiments (Yuhan Hu et al., 2025; Koubaa et al., 2025).  

Openness encompasses both the customizability and the transparency of GenAI 

within an embodied system, classified into three mutually exclusive levels (Serfaty et 

al., 2023; Strobel et al., 2024). Open intelligence enables users to freely select GenAI 

models and reprogram hardware through frameworks like ROS2, aligning with a high 

level of transparency by providing open-source code and full documentation (Koubaa 

et al., 2025). These systems are often offered as educational or research versions of 

embodied GenAI. Semi-open intelligence offers limited transparency, disclosing partial 

details such as the AI model provider, with restricted customization options. In contrast, 

closed intelligence is fully vendor-controlled, consisting of proprietary, pre-installed 

solutions that can only be updated by the provider and lack technical disclosure. 

4.3 System 

The meta-characteristic system integrates embodiment and intelligence, classifying di-

mensions that emerge from their interaction as a coherent system. 

Interaction defines the extent to which embodied GenAI supports interactions, cat-

egorized into mutually exclusive, sequentially building levels. Isolated interaction ap-

plies to systems that operate independently, engaging with the environment and non-

living objects while avoiding interaction with humans, animals, or other systems. Dy-

adic interaction enables communication with a single individual or other AI system (Qi 

& Jing, 2024; Seppelfelt et al., 2022). Group interaction allows engagement with mul-

tiple individuals simultaneously, such as participating in group conversations (Addle-

see et al., 2024; Al Moubayed et al., 2012). This characteristic is often combined with 

expressive movements to enhance communication. 

Collaboration in embodied GenAI distinguishes whether a system operates inde-

pendently or cooperates with humans or other AI systems to achieve an overall goal 

(Makkonen et al., 2022). As it can engage in both collaboration and independent oper-

ation at different times, this dimension is not mutually exclusive. Solo operation means 

the system functions without collaboration. Collaboration with other systems involves 

multi-agent cooperation, such as sharing sensory data for navigation (Akl et al., 2025) 

or coordinating in fleets (e.g., drone swarms) (Pueyo et al., 2024). Embodied GenAI 

may also respond cooperatively to environmental challenges like route obstructions or 

work collectively toward a shared goal (Kato et al., 2024). Collaboration with humans 

includes task execution based on human instructions (Choi et al., 2021; Farooq et al., 

2024; Gkournelos et al., 2023), such as identifying and delivering objects (F. Gao et al., 

2024). In human-in-the-loop approaches, the human acts as an additional control or 

decision-making unit (Hunt et al., 2024; Vemprala et al., 2024), or embodied GenAI 

requests human assistance to achieve a shared goal (Mandi et al., 2024).  

Perceived Value of embodied GenAI reflects the system’s impact as recognized by 

society, encompassing four non-mutually exclusive characteristics. Operational value 



 

 

describes the system’s impact on efficiency and effectiveness in workflows. Embodied 

GenAI enhances productivity, performance, and cost efficiency by automating routine 

tasks and facilitating human-AI collaboration (Fan et al., 2025; Holgado et al., 2024). 

Psychological value relates to the system’s contribution to mental and emotional well-

being, offering emotional support, empathetic interactions, and engaging experiences, 

particularly beneficial for elderly, disabled, or socially isolated individuals (Schnitzer 

et al., 2024; Sievers & Russwinkel, 2024). Societal value reflects broader social bene-

fits, such as democratizing education, providing public services, and offering entertain-

ment through embodied GenAI (Abe et al., 2012; Antikatzidis et al., 2024; Borg et al., 

2024). Aesthetic value concerns the visual design and appeal of the system including 

style of voice, which influences user acceptance, trust, and integration into daily life 

(Liberman-Pincu et al., 2023). While less critical in manufacturing, it plays a significant 

role in household and public service systems, ensuring seamless adaptation to home, 

workplace, or public environments (Buchem et al., 2024; Janeczko & Foster, 2022). 

5 Evaluation and Application 

We demonstrate the taxonomy’s practical relevance and robustness by applying 40 

cases (see Section 3) to the taxonomy. The cases were divided among the team of au-

thors for classification. The final taxonomy, including the descriptions of dimensions 

and characteristics, served as the basis for classification. The classifications were re-

viewed and discussed internally to ensure reliability. Numbers in brackets (see Figure 

2) indicate the embodied GenAI cases assigned to a specific characteristic. Since some 

dimensions are not mutually exclusive, the total count within a dimension may exceed 

40. In the following, we present two representative cases in detail (Figure 3). Our online 

appendix includes a detailed classification of all 40 embodied GenAI systems. 

Figure 02, developed by Figure AI Inc., is an anthropomorphic embodied GenAI 

system. Equipped with speech interface, human-like perception, and hand-like manip-

ulators, it enables universal actions such as manipulation, repositioning, and communi-

cation. Integrating OpenAI’s LLM and NVIDIA’s Cosmos World Foundation Model 

(Agarwal et al., 2025; FigureAI, 2024), Figure 02 autonomously analyzes its environ-

ment, plans tasks, and executes actions. Its intelligence is distributed between on-prem-

ise computation and the cloud, extending pre-trained knowledge with memory. Figure 

02 supports solo and group operation, with a focus on task automation and assistance.  

Spot, a zoomorphic quadruped robot by Boston Dynamics Inc., operates flexibly 

across industries like manufacturing and construction by integrating GenAI. It supports 

various control interfaces, as well as full autonomy. Spot enables both functional and 

expressive movement. Its open-source SDK allows integration of various GenAI mod-

els, running locally or via the cloud, making its intelligence open and adaptable. Spot 

exhibits both reactive and proactive behavior, while learning from experience. 

In summary, the two respective cases illustrate different implementations of embod-

ied GenAI, representing the current state-of-the-art in systems that integrate GenAI 

with robotics. Figure 02 follows a GenAI-first approach aimed at physically embodying 



 

 

GenAI, whereas Spot originates from robotics research and is subsequently enhanced 

through the latest GenAI capabilities.  
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Figure 3. Taxonomy Classification of Two Respective Cases 

Our analysis shows that 60% of embodied GenAI systems resemble the human body. 

Despite the uncanny valley effect (Rosenthal-von der Pütten & Krämer, 2014), anthro-

pomorphic designs are advantageous for assistive systems, especially in human-de-

signed environments where they can utilize human-made tools. A clear trend is also 

observable: the majority of systems support communication (78%) and rely on verbal 

input as their primary interface (88%). Nevertheless, manipulation actions (68%) and 

repositioning (70%) are also frequently observed. System perception is typically hu-

man-like (70%). In contrast, superhuman perception remains uncommon (8%) and is 

primarily used for specialized applications, such as detecting hazardous situations (e.g., 

gas leaks in factories). 97% of the systems analyzed are capable of movement, either 

functional (88%) and/or expressive (40%), primarily focusing on facial expressions.   

Regarding intelligence, 63% of embodied GenAI systems are fully autonomous. Fur-

thermore, 60% are designed for general-purpose applications, 28% are restricted to 

fixed use cases, and 12% provide only core functionality. A high number of systems 

supports reactive (78%) and proactive (68%) agency, while 45% support both. This is 

enabled by the fact that GenAI allows task planning in over 70% of cases, while at least 

85% of systems leveraging GenAI to both analyze their environment and execute ac-

tions. Approximately each third of the analyzed systems build their knowledge differ-

ently: 32% rely on pre-trained models, 30% of systems extend them through a memory 

function, and 38% support learning. The deployment of intelligence is distributed be-

tween on-premise hardware (80%) and cloud infrastructure (75%), with 55% of systems 

utilizing a hybrid approach. Edge deployment remains relatively rare, occurring in only 

8% of cases. For most systems, not all information about the intelligence architecture 



 

 

is accessible (40% are classified as semi-open, 38% as closed), which overall aligns 

with tied embodiment dependency present in 78% of all systems. 

Only 12% of the analyzed systems do not support collaboration with humans or other 

systems. The remaining systems explicitly incorporate collaboration into their intended 

purpose, with an additional focus on interaction, either dyadic (30%) or in groups 

(55%). Most systems demonstrate operational value (85%) and societal value (55%), 

whereas 23% of system developers prioritize the aesthetic aspects of their designs. 

6 Conclusion, Limitations, Outlook 

Recently, generative AI has evolved beyond its role as a copilot tool and now serving 

as the foundation for Agentic AI, enabling autonomous AI agents to solve digital tasks 

(Acharya et al., 2025). The next step in this evolution extends from the digital to the 

physical world, driving the emergence of a new type: Embodied GenAI. By integrating 

GenAI into physical embodiments such as robots (i.e., generative physical AI), GenAI 

is enabled to perform actions in the physical world (Agarwal et al., 2025; Liu et al., 

2025) and introduces a new dimension of human-AI collaboration. To shed light on 

this emerging field, we identify the characteristics of embodied GenAI. 

From a scientific perspective, our taxonomy offers a first conceptual outline of key 

dimensions and characteristics, enabling the classification of embodied GenAI while 

serving as a foundation for further research. Our taxonomy is not constrained to specific 

domains, enabling future studies to explore embodied GenAI in various application ar-

eas, such as service robots and industrial automation. For practitioners, the taxonomy 

functions as a tool for systematically analyzing existing embodied GenAI and as a ref-

erence framework for the development and optimization of new applications. 

Despite its contributions, our work has certain limitations. First, as embodied 

GenAI is still in its early stages, both conceptual research contributions and empirical 

systems will continue to grow and evolve as they progress toward market maturity. This 

ongoing development necessitates continuous reassessment and refinement of our tax-

onomy to ensure its future alignment. To establish a robust foundation for the current 

state of research, we incorporated both conceptual insights, identified through a sys-

tematic literature review, and empirical data from existing embodied GenAI cases into 

our analysis. Second, the classification of dimensions and characteristics is inherently 

interpretative, as our analysis of empirical cases relies on the triangulation of publicly 

available data about embodied GenAI. Other researchers may identify alternative as-

pects, potentially leading to modifications or extensions of our framework. This results 

in implications for future research. To gain insights beyond publicly available data, 

experts such as embodied GenAI developers could be involved. Their perspectives can 

deepen the understanding of systems still under development and contribute to a more 

refined taxonomy. Another possible direction would be to examine specific domains, 

such as the care sector, and develop a corresponding specialized taxonomy. This could 

highlight the potential of embodied GenAI in addressing societal challenges such as 

workforce shortages, loneliness, and the growing demand for care due to an aging pop-

ulation. 
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