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1. Introduction

The capabilities of autonomous robotic systems have grown significantly in recent years, driven by advances in perception,
planning, and control. Modern robots are increasingly deployed in dynamic, unstructured environments where interaction with
humans is essential ranging from domestic service and eldercare to industrial automation and collaborative manufacturing
(Khatib et al., 2016; Kragic et al., 2021) 125 271, Despite this progress, human robot interaction (HRI) remains a significant
bottleneck. Traditional interfaces, which often rely on pre-defined command structures or graphical programming, fall short in
delivering flexible and natural communication. These approaches struggle with ambiguity, multi step instructions, and the
nuanced expectations of human users (Tellex et al., 2011; Thomason et al., 2015) [+ 451,
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Large Language Models (LLMs) such as GPT 4 (OpenAl,
2023) 71 PaLM E (Driess et al., 2023) 61, and Flamingo
(Alayrac et al., 2022) introduce transformative potential in
this domain. Trained on vast amounts of text and multimodal
data, these models exhibit capabilities in natural language
understanding, reasoning, and generalization allowing them
to interpret and generate human like language with minimal
prior examples (Brown et al., 2020; Chowdhery et al., 2022)
[10. 141 Their few shot and zero shot learning abilities enable
robots to understand diverse and open ended instructions,
paving the way for more adaptive and intuitive HRI. This
integration signifies a paradigm shift from preprogrammed
behavior to contextual, language guided decision making.
The purpose of this review is to explore how LLMs are being
integrated into robotic systems to enhance perception,
reasoning, and interaction. We examine the technical
foundations of LLMs, the frameworks enabling their
deployment in embodied systems, and real world use cases
that demonstrate their potential. In doing so, this paper
highlights both the opportunities and challenges inherent to
this integration. Special attention is given to ongoing
technical obstacles such as real time processing, grounding
language to action, and multimodal alignment, as well as
broader ethical, social, and regulatory considerations. The
scope of the review is interdisciplinary, incorporating
perspectives from robotics, NLP, cognitive science, and
human computer interaction to provide a comprehensive
understanding of the current landscape and future directions
in language empowered autonomous systems.

2. Large language models in robotics

The integration of Large Language Models (LLMs) such as
GPT 3, GPT 4, PaLM E, Flamingo, and Claude into robotics
has marked a significant advancement in the field, enabling
robots to interpret and respond to natural language inputs
with remarkable proficiency. These models, built upon
transformer architectures, have demonstrated exceptional
capabilities in natural language understanding and
generation, facilitating more intuitive human robot
interactions (Brown et al., 2020; Chowdhery et al., 2022;
Driess et al., 2023) 11014181 GPT 3, with its 175 billion
parameters, has been particularly notable for its few shot and
zero shot learning abilities, allowing it to perform tasks with
minimal task specific data (Brown et al., 2020) %, Building
upon this, GPT 4 has further enhanced these capabilities,
offering improved reasoning and contextual understanding,
which are crucial for complex robotic tasks (OpenAl, 2023)
[37]

PaLM E, developed by Google, represents a significant step
forward by embedding LLMs into mobile robots, enabling
them to perform vision language action tasks. This
integration allows robots to understand and execute
commands that involve multimodal inputs, such as visual and
textual information, thereby enhancing their ability to operate
in dynamic environments (Driess et al., 2023) 161, Similarly,
Flamingo, another model from Google, has demonstrated the
ability to perform tasks that require both visual and linguistic
understanding, further bridging the gap between language
processing and robotic action (Alayrac et al., 2022) M,
Claude, developed by Anthropic, focuses on safety and
alignment in Al systems, ensuring that LLMs can be reliably
integrated into robotics without unintended behaviors
(Anthropic, 2023) B,
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The key capabilities of these LLMs in robotics are
multifaceted. Natural language understanding and generation
allow robots to comprehend and articulate human language,
facilitating more natural interactions. Few shot and zero shot
learning enable robots to adapt to new tasks with minimal
training, enhancing their versatility. Knowledge retention and
reasoning capabilities allow robots to apply learned
information to novel situations, improving their decision
making processes (Brown et al., 2020; Chowdhery et al.,
2022; Driess et al., 2023) [10. 14,161,

In practical applications, these capabilities manifest in
various ways. Instruction following has been enhanced, with
robots interpreting and executing commands that are more
complex and context dependent. Semantic understanding
allows robots to grasp the meaning behind commands, even
when they are phrased in diverse or ambiguous ways.
Dialogue and human robot interaction have been significantly
improved, with robots engaging in more natural and
meaningful conversations with humans, thereby increasing
their utility in everyday tasks (Alayrac et al., 2022; Driess et
al., 2023) I 181 The integration of LLMs into robotics
represents a paradigm shift, moving from rigid, pre
programmed behaviors to more flexible and adaptive systems
capable of understanding and interacting with humans in a
natural and intuitive manner. This evolution opens up new
possibilities for the deployment of robots in various domains,
including healthcare, education, and domestic environments,
where human like interaction is essential for effective
operation.

2.1 Advanced applications and industry trends
Autonomous Vehicles

The integration of Large Language Models (LLMSs) in
autonomous vehicles is revolutionizing human machine
interaction by enabling more natural and intuitive
communication between passengers and their wvehicles.
Traditional voice interfaces often rely on keyword based
commands, limiting the scope and flexibility of interactions.
In contrast, LLMs facilitate conversational dialogues,
allowing passengers to issue complex, context aware
instructions or inquiries.
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Fig 1: Lane Change Intention and Trajectory Predictions with
Large Language Models

For instance, research has demonstrated that LLMs can
enhance intent recognition and slot extraction in multi turn
dialogues within vehicle settings, achieving high accuracy in
understanding passenger commands (Okur et al., 2018) [,
Furthermore, frameworks like DriveGPT leverage the
reasoning capabilities of LLMs to interpret and respond to
passenger queries, thereby improving the overall user
experience in autonomous vehicles (Cui et al., 2023) [*],
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Fig 2: LLMS in Autonomous Driving Pipelines

Industrial Robotics

In industrial settings, particularly in logistics and
warehousing, LLMs are enhancing the flexibility and
efficiency of robotic systems. Amazon Robotics, for
example, has developed advanced robots such as Proteus,
which can navigate autonomously and interact with human
workers (Business Insider, 2025) 2. These robots are
designed to assist with tasks like sorting, transporting, and
organizing goods, thereby streamlining operations and
reducing the need for manual labor. The integration of LLMs
enables these robots to understand and execute complex
instructions, adapt to dynamic environments, and collaborate
effectively with human counterparts, leading to improved
productivity and safety in industrial environments (Amazon
Robotics, 2025) B,

Healthcare Robotics

In the healthcare sector, LLMs are being utilized to develop
robots that can engage in meaningful interactions with
patients, providing companionship, diagnostics, and
rehabilitation support. These robots are equipped with the
ability to understand natural language commands and
respond appropriately, offering a more personalized and
empathetic approach to patient care. For example, LLMs
enable healthcare robots to interpret verbal cues and adjust
their behavior accordingly, such as recognizing signs of
distress and offering comforting responses (MDPI, 2025) 1331,
Additionally, LLMs facilitate the control of surgical robots
through voice commands, allowing surgeons to operate more
efficiently and maintain focus during procedures (MDPI,
2025) 31,

Smart Homes

In smart home environments, LLMs are enhancing the
personalization and automation of daily tasks by enabling
more intuitive interactions with 10T devices. Systems like
Home Assistant leverage LLMs to understand and process
natural language commands, allowing users to control
various devices such as lights, thermostats, and security
systems through conversational interfaces (Home Assistant,
2025). Moreover, LLMs can learn user preferences over time,
adapting the home environment to individual needs and
routines. For instance, LLM powered systems can anticipate
actions like adjusting lighting for a movie night or setting the
thermostat to a preferred temperature, thereby improving
comfort and energy efficiency (Rey Jouanchicot et al., 2024).

3. Technical challenges and limitations

The integration of Large Language Models (LLMSs) into
robotic systems, while promising, presents a range of
technical challenges that hinder the seamless execution of
complex tasks in dynamic environments. These challenges
must be addressed to realize the full potential of LLM driven
autonomous robots. Among the most significant challenges
are grounding language to action, real time constraints,
contextual ambiguity, and multi modal fusion.

3.1 Grounding language to action

One of the fundamental hurdles in the integration of LLMs
with robotics is the grounding of abstract language to
executable actions. While LLMs excel at processing and
generating natural language, translating high level commands
into physical actions that robots can perform with accuracy
and reliability is a complex task. Robotic systems must
understand the underlying intent behind language and convert
it into a sequence of motor commands, which often involves
mapping abstract linguistic instructions to physical
movements (Tellex et al., 2011) ¥4, This process becomes
particularly challenging when the language used is vague,
ambiguous, or involves tasks that require multiple steps or
contingent actions (Thomason et al., 2015) °I. Research has
shown that bridging this gap requires sophisticated
mechanisms for reasoning and contextual interpretation, as
well as a clear mapping between linguistic semantics and
robotic action space (Zhao et al., 2021) 4. Advances in
multimodal learning, which combine language with
perception (e.g., vision and proprioception), have shown
promise in this area, but reliable grounding remains a
significant bottleneck (Zhu et al., 2022) 41,

3.2 Real time constraints

Another critical challenge in deploying LLM powered robots
is dealing with the real time constraints of robotic systems.
Large scale models, such as GPT 3 or PaLM E, often require
substantial computational resources to process inputs and
generate responses, leading to significant latency in decision
making (Brown et al., 2020; Chowdhery et al., 2022) 0. 41,
In dynamic environments, where real time action is crucial
such as in autonomous vehicles or industrial robots delays in
processing can result in unsafe or inefficient behavior. To
address this issue, researchers are exploring edge computing
solutions that move the processing closer to the robot,
reducing latency by bypassing the need for cloud based
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computations (Zhang et al., 2023) 531, Additionally, model
distillation techniques, which involve creating smaller, more
efficient versions of large models, are gaining traction as a
way to reduce computational overhead while maintaining the
core capabilities of LLMs (Joulin et al., 2017) 24,

3.3 Contextual Ambiguity

Contextual ambiguity is another significant challenge in the
integration of LLMs with robotics. Natural language is
inherently ambiguous, and LLMs often struggle with
understanding commands that lack sufficient context or
involve complex, multi step instructions. For example, a
command like "put the cup on the table” may seem
straightforward, but without additional context, such as the
location of the cup or the type of table, the instruction may be
misinterpreted (Thomason et al., 2015) “°1. This ambiguity
becomes even more problematic when the robot is asked to
execute tasks that involve multiple phases, such as cooking
or assembling furniture. Advances in few shot and zero shot
learning have allowed LLMs to infer missing context to some
extent, but these models still face significant challenges in
handling the full range of ambiguity encountered in everyday
language (Brown et al., 2020) (%, Techniques like contextual
embeddings, which help models retain contextual
information across multiple steps, and dialogue based
interactions, which refine the command interpretation over
multiple turns, are showing promise in mitigating this issue
(Vinyals et al., 2015) (47,

3.4 Multi modal fusion

Finally, the integration of multiple sensory modalities such as
vision, touch, and language into a coherent system remains a
major challenge. In robotic systems, LLMs are often required
to process not only textual commands but also visual and
tactile inputs. For example, a robot might need to interpret a
command like "pick up the red ball" while using its camera
to identify the object and its gripper to grasp it. Integrating
these different data streams into a unified action plan requires
complex models that can align linguistic cues with sensory
data in real time (Zhu et al., 2022) 581, While there has been
considerable progress in multimodal learning, enabling
systems to process both text and vision inputs
simultaneously, the challenge lies in ensuring that these
systems can maintain consistency and coherence across
different modalities, particularly when information from one
source is noisy or incomplete (Alayrac et al., 2022) [,
Additionally, robots must be capable of handling
discrepancies between sensory inputs (e.g., discrepancies
between visual recognition and tactile feedback), which can
lead to errors in action if not properly addressed.

3.5 Human robot trust and collaboration

As robots become more integrated into human environments,
particularly in domains like healthcare, manufacturing, and
service industries, fostering trust and effective collaboration
between humans and robots becomes crucial. For robots to
function effectively and be accepted by users, they must
demonstrate a high level of reliability, transparency, and
adaptability. Several aspects of human robot interaction
(HRI) are vital for establishing trust and ensuring productive
collaboration: explainability, predictability, personalization,
and collaborative workflows.
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Explainability

Explainability is a foundational element for establishing trust
in robotic systems, especially those powered by Large
Language Models (LLMs). Users must be able to understand
the reasoning behind a robot’s actions to feel confident in its
decision making capabilities. Without clear explanations of
how a robot interprets commands and selects actions, users
may perceive the robot as unpredictable or unreliable. The
need for explainability is particularly evident in domains like
healthcare and autonomous driving, where decisions made by
robots can have significant impacts on safety and wellbeing.
Research has shown that providing users with a transparent
rationale for a robot’s actions whether through natural
language explanations or visualizations of the decision
making process helps to improve user trust and acceptance
(Hoh et al., 2015) 2%1. In the context of LLMs, explainability
is a challenge, as these models often operate as "black boxes,"
making it difficult to trace the steps that led to a specific
output. Efforts to enhance the transparency of LLMs through
techniques like interpretability frameworks and attention
based visualizations are key to addressing this issue (Zhou et
al., 2020) 0551,

Predictability

Predictability is another critical factor that influences human
robot trust. For robots to be trusted, their behavior must be
consistent and dependable, especially in collaborative
environments where human robot interaction is frequent.
Predictability ensures that users can anticipate the robot’s
actions, which is essential for effective collaboration and
coordination. In industrial settings, for example, where robots
and humans work side by side on assembly lines, it is crucial
that the robot’s actions are foreseeable to avoid potential
accidents or misunderstandings (Wang et al., 2019) 5%, In the
case of LLM powered robots, achieving predictability can be
challenging due to the complex nature of language processing
and the variability of human communication. However, by
combining LLMs with reinforcement learning or behavior
based modeling, researchers are working toward making

robot actions more predictable and reliable (Fox et al., 2018)
(18],

Personalization

Personalization in human robot interaction is increasingly
becoming a critical feature of advanced robotic systems,
particularly those designed for long term use, such as home
assistants, healthcare robots, or service robots. The ability of
robots to adapt their behavior to the preferences and needs of
individual users significantly enhances their utility and
acceptance. Personalized interactions enable robots to
understand and adapt to the language patterns, preferences,
and idiosyncrasies of users, fostering a more natural and
efficient user experience (Baisero et al., 2021) €. For
instance, personalizing a robot’s language models based on
the user’s conversational style can improve communication
and user satisfaction. Additionally, systems like personal
assistant robots, powered by LLMs, can learn from
interactions over time to provide tailored recommendations
and actions that reflect a user’s specific habits, preferences,
and routines (Lippi et al., 2021) B, This level of adaptability
is key for integrating robots into homes, workplaces, and
healthcare environments, where the diversity of tasks and the
individuality of user needs require nuanced responses.
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Collaborative Workflows

Collaborative workflows, particularly in manufacturing and
healthcare, require robots to effectively work alongside
humans, often as "co bots" (collaborative robots). In these
settings, human robot collaboration is central to enhancing
productivity, safety, and quality. Robots in manufacturing,
for example, are designed to assist humans in physically
demanding or repetitive tasks, such as lifting heavy objects
or assembling parts. Similarly, in healthcare, robots can assist
medical professionals by performing tasks like surgical
assistance, patient monitoring, or rehabilitation therapy
(Zhang et al., 2020). LLM powered robots that can
understand and interact using natural language have the
potential to further enhance these collaborative workflows by
enabling real time communication and coordination. The
ability to issue spoken commands, receive feedback, and
engage in dialogue helps robots collaborate more effectively
with humans. However, achieving smooth and efficient
collaboration requires overcoming challenges related to
shared goals, task allocation, and adaptive communication.
Research on collaborative robotics emphasizes the
importance of building models that enable robots to
understand not only individual actions but also the larger
context of the collaborative task at hand (Takahashi et al.,
2022) ™. Moreover, ensuring that robots can adapt to
changes in the environment and work seamlessly within a
team of humans and other machines is essential for long term
collaboration.

3.6 Ethical, social, and regulatory implications

The integration of Large Language Models (LLMSs) into
robotics raises numerous ethical, social, and regulatory
concerns. As robots increasingly take on roles that involve
complex interactions with humans, particularly in sensitive
areas such as healthcare, education, and customer service,
addressing these issues is paramount to ensure that the
deployment of these technologies is responsible, fair, and
aligned with human values. Key concerns include bias and
safety, privacy, accountability, regulation, and ethical
alignment.

Bias and Safety

One of the most pressing ethical challenges associated with
LLMs in robotics is the potential for bias. LLMs, like GPT 4,
are trained on large datasets derived from the internet, which
may contain biased or harmful content. As a result, these
models can inadvertently reflect and amplify social biases,
such as racial, gender, or cultural biases (Binns, 2018;
Blodgett et al., 2020) [" 8. In high stakes domains like
healthcare or law enforcement, where robots and autonomous
systems may make decisions that directly affect people's
lives, such biases can have serious and unintended
consequences, leading to discriminatory or unfair outcomes
(Eslami et al., 2020) Il For instance, a healthcare robot
powered by biased language models might misinterpret or
misrepresent a patient's symptoms or treatment preferences,
leading to incorrect medical advice or decisions. Addressing
these biases is crucial, and ongoing research is focused on
developing techniques to mitigate bias in Al models, such as
adversarial training, fairness constraints, and debiasing
methodologies (Mehrabi et al., 2019) 34,
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Privacy

Another critical ethical concern in the use of LLMs in robots
is privacy. Modern robots powered by LLMs often rely on
sensors, cameras, microphones, and other data gathering
tools to interact with their environment and the people around
them. These technologies may collect sensitive information
about individuals, including audio, visual, and biometric data,
raising questions about how this data is handled, stored, and
shared. For example, robots used in healthcare settings could
inadvertently capture private medical information, which
could then be exposed if security measures are not adequately
enforced (Zeng et al., 2020) B2, Furthermore, the use of
LLMs may involve continuous data collection as the robot
learns from interactions over time, potentially violating users'
expectations of privacy. Safeguarding user data and ensuring
transparency in how it is used and protected is essential.
Researchers emphasize the importance of implementing
strong privacy preserving techniques, such as encryption,
federated learning, and secure data storage, to protect users'
privacy while still enabling the robot to learn and improve
(Shokri et al., 2015) (1,

Accountability

As robots become increasingly autonomous, determining
accountability for errors or harm caused by LLM powered
systems becomes a significant concern. In traditional
systems, accountability lies with the operator or
manufacturer, but with autonomous systems, this line
becomes blurred. If a robot makes a mistake or causes harm,
such as a healthcare robot providing incorrect treatment
advice or an autonomous vehicle making an error in decision
making, it is often unclear who should be held responsible
(Lin, 2016) 1. Should it be the robot’s developers, the users,
or the manufacturers? Moreover, LLMs themselves may not
be able to provide explanations for their actions, which
further complicates accountability. Establishing clear legal
and ethical guidelines for accountability is essential, and this
may require updates to existing legal frameworks or the
creation of new regulations specifically for autonomous
robots. Researchers are exploring approaches to liability,
including “ethical Al" frameworks that clarify how robots
should be governed and who bears responsibility in cases of
malfunction (Gogoll & Miiller, 2017) 2,

Regulation

The rapid development of LLM powered robots has outpaced
the creation of regulatory frameworks to govern their use.
While traditional regulations for robots often focus on safety
and physical operation, LLMs introduce new complexities in
areas like data privacy, human interaction, and decision
making. There is currently a lack of consistent global
standards regarding how autonomous robots, particularly
those powered by LLMs, should be regulated. In sectors such
as healthcare, transportation, and customer service, where
robots may directly impact human lives, the absence of clear
regulations could result in misuse or harm. Governments and
international bodies are starting to recognize the need for
regulation but must balance innovation with protection. Some
researchers argue for the development of "robot laws," akin
to Asimov's laws of robotics, to provide ethical guidelines for
robot behavior, but these laws need to be adaptive to the
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complexities of modern Al and LLM technologies (Lin,
2021) 9, until comprehensive regulations are established,
the development of robots must be guided by ethical
principles such as fairness,

Ethical Alignment

Finally, ethical alignment refers to the challenge of ensuring
that robots interpret and act upon language in ways that align
with human values. LLMs are inherently agnostic to ethical
considerations and may act based on the data they were
trained on, which may not always reflect the ethical norms of
the communities or individuals they are serving (Russell,
2019) B4, For example, a robot used in a care home might
make a decision that, while technically correct, could be
considered ethically problematic by the caregivers or family
members involved. This misalignment could stem from a lack
of contextual understanding or the inability of the robot to
account for nuanced ethical dilemmas (Gunning et al., 2019)
(22 Ensuring that robots behave ethically involves aligning
their decision making processes with human values, which
may require embedding ethical reasoning directly into the
robot’s architecture. Ongoing work in Al ethics and human
centered Al is focused on creating frameworks that enable
robots to make decisions that are not only technically correct
but also ethically sound and socially acceptable (Wang et al.,
2021) 181,

3.7 Cross disciplinary and cognitive integration

The integration of Large Language Models (LLMSs) in
robotics  benefits  significantly from insights and
methodologies derived from various fields such as cognitive
science, linguistics, neuroscience, and hybrid artificial
intelligence (Al) approaches. These disciplines provide
critical frameworks and strategies to enhance robot
reasoning, command understanding, adaptability, and the
overall robustness of autonomous systems. By borrowing
concepts and techniques from these fields, robotic systems
can better mimic human cognitive functions, process
complex language inputs, and improve decision making
processes.

Cognitive Science

Cognitive science plays a crucial role in enhancing the
reasoning capabilities of robots. By drawing inspiration from
human cognitive functions, researchers have developed
computational models that aim to replicate the processes
involved in perception, memory, and decision making. These
models help robots understand and interact with the world in
ways that are more similar to human thought processes. For
instance, the incorporation of cognitive architectures such as
ACT R (Anderson et al., 2004) ™ allows robots to simulate
how humans plan, reason, and adapt to new information.
Cognitive science’s understanding of human learning,
memory, and reasoning aids in building robots capable of
more flexible decision making. As LLMs like GPT 4
increasingly assist in interpreting and generating natural
language, cognitive science inspired models can help these
robots more effectively reason and perform tasks by
contextualizing language in relation to the world around
them.

Linguistics
Linguistics provides invaluable tools for improving the
natural language understanding capabilities of robots,
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particularly in areas such as syntax and pragmatics. Syntax,
the study of sentence structure, enables robots to parse and
interpret the grammatical relationships between words,
which is fundamental for correctly understanding commands
and processing language inputs. Pragmatics, which focuses
on context and meaning in communication, helps robots
disambiguate commands that may be syntactically correct but
semantically vague. By applying linguistic theories of
meaning, robots can better interpret commands based on
contextual cues or user intentions (Kiefer et al., 2021) 28,
This is particularly useful for robots that must process natural
language in unpredictable real world scenarios. For example,
a command like “Pick that up” may have different meanings
depending on the location, object, and tone in which it is
delivered. Linguistics, especially through semantic role
labeling and discourse analysis, enables robots to resolve
such ambiguities and execute the correct actions (Go6tz et al.,
2020) 24,

Neuroscience

Insights from neuroscience also offer a powerful foundation
for improving robot adaptability and learning processes. One
key concept is feedback driven learning, a mechanism that is
akin to brain plasticity the ability of the brain to reorganize
and adapt to new information. Neuroscience inspired models
help robots learn from their experiences in real time,
adjusting their behavior based on positive or negative
feedback (LIS & Schoenemann, 2018) [BY, This type of
learning is critical for robots deployed in dynamic
environments where they must continuously adapt to new
situations and contexts. For instance, reinforcement learning
algorithms, inspired by neural mechanisms in the human
brain, allow robots to learn optimal actions through trial and
error, refining their strategies over time (Mnih et al., 2015)
1%, Feedback driven learning enables robots to interact more
intuitively with humans and environments, improving their
long term effectiveness and performance in tasks such as
human robot collaboration, autonomous navigation, or object
manipulation.

Hybrid Al Approaches

The fusion of symbolic reasoning with deep learning
techniques represents a promising hybrid approach to
creating more explainable and robust robotic systems.
Symbolic reasoning involves the manipulation of abstract
symbols to represent knowledge and solve problems using
logic based rules, whereas deep learning focuses on learning
patterns from data without explicit programming. By
combining these approaches, robots can benefit from the
strengths of both methods. Symbolic reasoning allows robots
to perform tasks that require logical, rule based decision
making, such as planning and problem solving, while deep
learning enables them to process unstructured data like
images and speech (Gibson & Judd, 2019) 1. This hybrid
approach has the potential to produce robots that are not only
capable of handling complex real world tasks but also able to
explain their reasoning in a transparent manner, an important
feature in contexts where accountability and safety are
critical (Ghosh et al., 2021). For example, in autonomous
vehicle systems, deep learning models can be used to detect
obstacles in the environment, while symbolic reasoning can
ensure that the robot follows traffic rules and ethical
guidelines in its decision making process.

By integrating these cross disciplinary insights into robotics,
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researchers are enhancing the capabilities of autonomous
systems. Cognitive science aids in emulating human like
reasoning, linguistics improves language processing,
neuroscience informs adaptable learning, and hybrid Al
approaches bring together the best of symbolic and data
driven intelligence. These cross disciplinary methods not
only improve the technical performance of robots but also
bring them closer to human like capabilities in reasoning,
learning, and communication.

4. Discussion

The integration of Large Language Models (LLMs) into
robotics has led to rapid advancements in autonomous robot
capabilities, particularly in understanding, reasoning, and
interacting with humans. LLMs like GPT 4, PaLM E, and
others have significantly enhanced robots' abilities to
comprehend complex language inputs, reason through
intricate tasks, and execute actions based on natural language
commands. These models have made great strides in natural
language processing (NLP), allowing robots to follow
instructions, engage in meaningful dialogues, and adapt their
actions to dynamic environments (Shinn et al., 2022) 4?1, The
integration of LLMs in robots also enables autonomous
systems to better understand the intent behind commands,
process ambiguous or open ended instructions, and perform
tasks that require contextual understanding. Additionally,
robots can now interact more naturally with humans,
improving human robot interaction (HRI) in a wide range of
settings, from industrial automation to healthcare and home
assistance (Chen et al., 2021) [¥1. These developments
indicate a transformative shift in robotic systems, where
communication and reasoning capabilities are becoming
more flexible and human like, thereby opening the door to
more intelligent and adaptable robots in everyday life.
Despite these promising advancements, there remain several
critical bottlenecks that hinder the seamless integration of
LLMs into robotics. One of the key challenges is grounding
the process of translating abstract language into tangible,
executable actions in the physical world. While LLMs excel
at language comprehension, ensuring that these models
consistently map linguistic inputs to precise, contextually
appropriate actions in dynamic environments is still a major
obstacle (Stewart et al., 2020) 2. This problem becomes
more complicated when tasks require multi step reasoning, as
robots need to not only understand individual instructions but
also anticipate their sequence and potential outcomes (et al.,
2022) 91 Additionally, latency remains a significant issue.
While LLMs can generate responses quickly, their large size
and computational demands can lead to delays in real time
robotic systems, especially in edge computing scenarios
(Brockman et al., 2022) . Reducing the latency in
processing and action execution is crucial for time sensitive
tasks, such as autonomous vehicles or industrial robots,
where even small delays could have substantial
consequences.

Furthermore, safety is a critical concern, particularly as
robots become more integrated into human environments.
Ensuring that LLM powered robots operate within safe,
predictable, and ethical frameworks is paramount. Issues
such as unintended behavior due to misinterpretation of
language or failure to understand the nuances of human
commands pose potential risks, particularly in sensitive
applications like healthcare or autonomous driving (Shinn et
al., 2022) [0, Another challenge is the alignment of robotic
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behavior with human values and intentions. As robots
become more autonomous, ensuring they act in ways that
align with human ethical standards and societal norms
remains a major concern. The ability to fine tune LLMs to
interpret and act in ways that are consistent with human
ethical considerations is crucial for widespread adoption
(Gibson & Judd, 2019) 191,

The continued progress in integrating LLMs into robotics
requires an interdisciplinary approach that unifies research in
robotics, language modeling, ethics, and human factors.
Robotics and NLP are closely intertwined, and advancements
in one area cannot be fully realized without corresponding
developments in the other (Gotz et al., 2020) Y. For
example, improvements in LLMs' natural language
understanding directly impact how robots can process and
respond to human commands, but successful robot
deployment also requires sophisticated perception, motion
planning, and action execution systems (Almeida et al., 2021)
12, Moreover, the integration of LLMs in robotics involves a
deep understanding of human behavior and interaction
patterns, which requires expertise in psychology and human
computer interaction (HCI) (Gibson & Judd, 2019) [,
Human robot interaction (HRI) research plays an essential
role in ensuring that robots communicate in ways that are
natural, intuitive, and safe for human users.

Additionally, the ethical and social implications of
autonomous robots must be addressed as part of this
interdisciplinary research. The deployment of LLM powered
robots in real world scenarios presents significant ethical
dilemmas, such as bias in decision making, privacy concerns,
and accountability for errors (Shinn et al., 2022) [0,
Therefore, an ethical framework is essential to guide the
development of these systems in a responsible and socially
acceptable manner. Collaborative efforts across various
disciplines will help establish clear guidelines and regulatory
frameworks that address the complex challenges posed by
autonomous, language capable robots (Buchanan et al., 2021)
(11 By unifying efforts in Al, robotics, ethics, and human
factors, the research community can ensure that future
advancements in LLM driven robots not only improve their
technical capabilities but also promote their responsible and
safe use in human centric environments.

5. Future Directions

As advancements in robotics and Large Language Models
(LLMs) continue to grow, several exciting future directions
are emerging that could transform the landscape of
autonomous robots. These developments are centered on
multi agent coordination, multilingual capabilities, embodied
intelligence, real time learning, and the establishment of open
research platforms. Each of these areas holds the potential to
significantly enhance the flexibility, adaptability, and human
robot interaction capabilities of future robotic systems. One
of the most promising areas for future research is the use of
LLMs to enable coordination among teams of robots. This
capability allows multiple autonomous systems to collaborate
on complex tasks, potentially improving the efficiency and
effectiveness of operations in areas like logistics, search and
rescue missions, or industrial automation. By leveraging
language protocols, LLMs can help robots communicate and
share information in real time, allowing for more fluid and
coordinated decision making (Yang et al., 2022) B4, For
instance, robots could work together to autonomously
assemble products in a factory or perform simultaneous
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surveillance in a large area. LLMs, such as GPT 4, can play
a pivotal role in interpreting and coordinating instructions
between different agents, ensuring a smooth exchange of
information and task execution (Wang et al., 2021) 8. As
multi agent coordination improves, robots will be able to
collaborate seamlessly, resulting in more scalable and
flexible solutions in various industries. Another key direction
is the development of multilingual capabilities in robots.
LLMs, with their vast language understanding and generation
abilities, can be trained to understand and respond in multiple
languages and dialects, breaking down barriers to global
deployment. This is particularly relevant in diverse settings,

such as international workplaces, public service
environments, and healthcare  facilities,  where
communication with users from various linguistic

backgrounds is essential (Almeida et al., 2021) . The
multilingual integration in LLM driven robots would not only
enhance user accessibility but also improve cross cultural
interactions, enabling robots to operate in a wide range of
countries and regions. The use of LLMs for multilingual
communication could extend beyond simple translation to
include deeper cultural and contextual understanding,
allowing robots to adapt to local nuances in communication
(Zhou et al., 2020) B51. The concept of embodied intelligence
represents a significant leap toward creating truly
autonomous, human like robots. Unlike traditional Al
systems that rely solely on symbolic reasoning or data
analysis, embodied intelligence involves robots learning
from and interacting with the physical world in real time. By
integrating LLMs with physical learning, robots can develop
a deeper understanding of their environment and refine their
actions based on sensory input (Mataric, 2022) 2, This
approach allows for the creation of robots that not only
process language but also engage in adaptive learning based
on real world interactions, such as touch, sight, and motion.
The integration of LLMs with embodied Al will enable
robots to perform more complex tasks that require both
cognitive reasoning and physical interaction, such as
cooking, caring for the elderly, or participating in
collaborative human robot workflows (Buchanan et al., 2021)
[11]

Few shot learning, or the ability to learn from minimal
demonstrations or corrections, is a rapidly advancing field
that has the potential to greatly improve the adaptability of
robots. In traditional machine learning, robots often require
large datasets for training, which can be costly and time
consuming to acquire. Few shot learning allows robots to
generalize from just a few examples, dramatically improving
the efficiency and scalability of training processes (Li et al.,
2021) 281, with LLMs, robots could learn how to perform
tasks with only minimal guidance, enhancing their ability to
adapt quickly to new environments or user needs. This ability
to learn in real time from limited examples would be
invaluable in dynamic, ever changing environments such as
healthcare settings, warehouses, or construction sites, where
robots must rapidly acquire new skills based on novel
situations or requests. Finally, the establishment of open
research platforms is a critical direction for accelerating the
development and benchmarking of LLM robot integrations.
Open platforms allow researchers and developers from
around the world to share datasets, simulators, and tools,
fostering collaboration and innovation in the field of robotics.
These platforms can help address the challenge of creating
standardized benchmarks for evaluating the performance of
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LLM powered robotic systems, enabling the comparison of
different integration strategies and advancing the field more
rapidly (Brockman et al., 2022) ¥l By facilitating the sharing
of resources, open research platforms also ensure that
advancements are accessible to a wider community, allowing
for more diverse contributions and ensuring that ethical,
social, and technical considerations are addressed by a broad
range of stakeholders.

The future of LLM integration in robatics is bright and filled
with exciting possibilities. Multi agent coordination,
multilingual capabilities, embodied intelligence, few shot
learning, and open research platforms will all contribute to
creating more adaptable, capable, and human friendly robotic
systems. As these technologies continue to evolve, they
promise to reshape the way robots interact with the world,
ultimately leading to more effective, intelligent, and
accessible robots in everyday life

6. Conclusion

The integration of Large Language Models into robotics
represents a transformative step toward more intelligent,
responsive, and human aligned autonomous systems. By
enabling robots to understand and interact through natural
language, these models significantly enhance capabilities in
perception, reasoning, and communication. While challenges
such as grounding, latency, and ethical alignment remain,
ongoing interdisciplinary research is steadily addressing
them. The future of robotics lies in creating adaptable,
explainable, and socially aware agents that can operate safely
and effectively in complex human environments.
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