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Abstract—This paper presents a systematic exploration of the
application of large language models (LLMs) as cognitive cores
in robotics, focusing on multimodal understanding and intel-
ligent decision-making. While traditional robotic architectures
face inherent limitations in environmental modeling precision
and task-specific data dependency—struggling with open-ended
instruction comprehension, dynamic environment adaptation,
and cross-task knowledge transfer—the emergence of LLMs
offers a transformative solution. By positioning LLMs as the
central cognitive core, robotic systems can achieve deeply in-
tegrated perception, reasoning, and decision-making capabili-
ties. This paradigm empowers robots to interpret multimodal
inputs more effectively, perform commonsense reasoning, and
generate executable action sequences. The paper delineates key
implementation pathways, including unified semantic interfaces,
commonsense reasoning engines, and metacognitive coordination
mechanisms. Furthermore, it examines advanced techniques for
enhancing multimodal understanding through vision-language-
action models, cross-modal commonsense comprehension, and
open-vocabulary semantic construction. The discussion extends
to how LLMs facilitate efficient intelligent decision-making pro-
cesses. Finally, the paper outlines future research directions and
proposes mechanisms for achieving long-term adaptability and
continuous learning within this new paradigm.

Index Terms—Large Language Models, Robot Cognitive Core,
Multimodal Understanding, Intelligent Decision-Making

I. INTRODUCTION

Developing robots capable of operating autonomously,
safely, and efficiently in complex, unstructured human en-
vironments remains a core objective in AI and robotics [1].
Traditional robotics paradigms—whether model-based plan-
ning or data-driven reinforcement learning—rely on precise
environmental modeling, finite state spaces, or vast task-
specific demonstration data [2], [3]. This limits their ability to
handle open-ended commands, dynamic adaptation, and cross-
task knowledge transfer [4]. For instance, a robot programmed
for “pick-and-place” tasks struggles with tasks like “tidy
up the living room,” lacking the semantic understanding to
map abstract goals to actions in a dynamic environment.
Meanwhile, large language models (LLMs) based on Trans-
former architectures, pre-trained on vast text corpora, excel in
common-sense reasoning and code generation [5]. This raises
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the question: How can we integrate the symbolic cognitive
capabilities of LLMs with a robot’s embodied perception and
action capabilities?

Recent research confirms a profound paradigm shift: estab-
lishing “LLM-as-Cognitive-Core” [6], [7]. This fundamentally
differs from prior approaches treating LLMs as peripheral
“task planners” or “natural language interfaces.” Previously,
LLMs served as high-level instruction parsers for traditional
robotic systems. The emerging paradigm positions LLMs at
the center of robotic cognition, responsible for constructing
unified world models, interpreting multimodal sensor data,
initiating complex reasoning, and generating executable plans
[8], [9]. This shifts robot intelligence research from “how to
better perceive and control” to “how to understand and think
like humans.”

Currently, embodied intelligence has seen dual break-
throughs in “cognitive intelligence” (the brain) and “physical
intelligence” (the body). LLMs enable robots to “perceive,
think, and interact” [10], while reinforcement and imitation
learning enhance motor and manipulation skills [11]. These
parallel advancements create a unique convergence opportu-
nity. However, large-scale deployment remains nascent, with
core debates over model architectures, data paradigms, and
optimal robotic forms [12]. Key questions persist: Should
LLMs be fine-tuned for robotics or remain general-purpose?
How to ensure safety and reliability of LLM-generated plans?
What are effective ways to ground linguistic knowledge in
sensory-motor experience? Thus, articulating a new paradigm
centered on LLMs as cognitive cores is crucial for consensus
and future directions.

This paper aims to systematically elaborate on this new
paradigm, with the central thesis that the application of large
language models as the cognitive core of robotic systems will
fundamentally transform traditional approaches to robot per-
ception, planning, and control. To substantiate this claim, we
will first discuss the inevitability of this paradigm shift and its
core conceptual essence. We will then delve into how this new
architecture enables unprecedented multimodal understanding
capabilities and intelligent decision-making mechanisms in
robots. Subsequently, we will analyze how such systems can
achieve continuous learning and adaptive evolution. Finally,
we will outline critical future research directions and con-



clude. Through this systematic analysis, we seek to provide a
clear theoretical framework and developmental roadmap that
demonstrates how this paradigm shift redefines the foundations
of robotic intelligence.

Fig. 1. Overview of the LLM-as-Cognitive-Core Paradigm for Robotics.

II. LLMS AS COGNITIVE CORES: PARADIGM SHIFT

Traditional robotic architectures follow sequential modular
paradigms with discrete perception, planning, and control
stages. These rigid structures limit abstraction, reasoning,
and contextual interpretation [13]. Large language models
(LLMs) offer a transformative solution as a central cognitive
substrate, redefining robotic intelligence [14]. LLMs act as
core orchestrators for multimodal sensorimotor integration,
bridging the semantic-symbolic divide through a unified cog-
nitive framework. This role manifests through three synergistic
dimensions advancing embodied intelligence.

A. Unified semantic interface and contextual cognition

The LLM acts as a unified semantic interface, mapping mul-
timodal inputs—language, vision, and proprioception—into a
shared semantic space. This enables cross-modal alignment
and contextual understanding, providing a common substrate
for perception, reasoning, and action [15]. For instance, the
command “retrieve the textbook from the upper shelf” is
dynamically linked to real-time visual detections, spatial re-
lationships, and grasp hypotheses [16]. This semantic binding
resolves referential ambiguity, infers implicit constraints, and
adapts to perceptual uncertainty.

Architecturally, this is realized through end-to-end Vision-
Language-Action (VLA) models, which learn direct map-
pings from pixels and language commands to motor policies
[17]. Trained on large-scale, language-annotated teleoperation
datasets, these models acquire grounded representations that
support zero-shot generalization to novel objects, scenes, and
instructions [18]. By bypassing hand-engineered representa-
tions, VLA models reduce system bottlenecks and enable
tighter coupling between perception, cognition, and action.

B. Common-Sense Reasoning and Planning Engines

Beyond semantic mapping, LLMs function as commonsense
reasoning and planning engines. Pre-trained on corpora that

encapsulate physical, social, and procedural knowledge, LLMs
internalize rich priors about object properties, causal rela-
tionships, and typical action sequences [19]. This knowledge
enables them to perform non-trivial inference, such as infer-
ring that “fragile” objects necessitate gentle manipulation, or
decomposing abstract goals like “set the table” into structured
sequences of sub-actions [20]. Such reasoning is critical for
handling unexpected situations, interpreting underspecified in-
structions, and generating robust, long-horizon plans [21].

In this capacity, the cognitive core acts as a high-level task
planner, translating abstract user intents into executable task
networks. The planning problem can be formulated as finding
an optimal policy π∗ that maximizes expected cumulative
reward:

π∗ = argmax
π

[
T∑

t=0

γtr(st, at)

]
(1)

s.t. at ∼ π(·|st, ht), st+1 ∼ P(·|st, at) (2)

where st represents the state at time t, at the action,
ht the history of observations and actions, γ ∈ [0, 1] the
discount factor, and P the state transition dynamics. This
planning process can be iterative, incorporating feedback
from the environment or the user to refine and adapt the
plan dynamically. The integration of LLM-based reasoning
with classical symbolic planners or reinforcement learning
frameworks further enhances the reliability and optimality of
generated plans, addressing the limitations of purely neural or
purely symbolic approaches [22], [23].

C. Metacognitive and Learning Coordinator

The third dimension of the cognitive core is metacognitive
and learning coordination. LLMs allow robots to monitor
performance, diagnose failures, and orchestrate learning for
continuous improvement [24]. For instance, after a task failure,
the LLM can analyze sensor data to generate a diagnosis
(e.g., “grasp failed due to slippage”) and trigger learning
mechanisms like human feedback, experience retrieval, or
targeted exploration [25]. This turns the robot into an adaptive,
lifelong learner.

This role is evident in recent works. AutoRT uses
LLMs/VLMs as central decision-makers for autonomous task
proposal and data collection. HiAgent employs LLMs to
manage working memory and dynamically update sub-goals,
improving long-term task efficiency [26]. The MetaWorld
framework builds hierarchical world models, separating se-
mantic planning from physical control via a cognitive core
to bridge the semantic-physical gap [27]. Together, these
demonstrate LLMs’ critical role as a cognitive core.

D. Case Study: Robotic Soccer Paradigms

To concretize the paradigm shift, we contrast three ap-
proaches to a canonical task: robotic soccer. This domain
requires real-time perception, strategic planning, and precise
control, making it ideal for comparing paradigms.



• Traditional Modular Approach: Separates perception,
planning, and control into isolated modules. This leads
to brittle systems where errors cascade and adaptation to
new commands (e.g., “play defensively”) requires manual
re-engineering [28].

• End-to-End Reinforcement Learning (RL): Trains a
monolithic policy mapping raw inputs to actions. While
capable, it requires massive task-specific data, lacks in-
terpretability, and struggles to generalize or incorporate
new knowledge without retraining [29].

• LLM-as-Cognitive-Core: An LLM (or VLA model)
serves as the central cognitive unit. It processes multi-
modal inputs (vision, language) to generate high-level
plans (e.g., “pass to the open player on the left”),
which are executed by low-level controllers. Crucially, the
LLM’s pre-trained knowledge enables zero-shot strategic
reasoning and natural language understanding, directly re-
placing the traditional perception-planning pipeline with-
out task-specific retraining [30].

This case illustrates our thesis: the LLM-as-Cognitive-
Core paradigm fundamentally redefines robot perception and
planning by introducing a flexible, knowledge-driven semantic
layer, overcoming the limitations of both modular rigidity and
RL opacity.

III. MULTIMODAL UNDERSTANDING: FROM FUSION TO
COGNITION

Under the new paradigm where LLMs serve as the cognitive
core, robots’ multimodal understanding transcends traditional
data-layer or feature-layer fusion, elevating to contextualized
cognition at the semantic level. This signifies that robots can
not only “see” pixels and “hear” words but also compre-
hend their underlying meanings, relationships, and contexts,
forming holistic, inferable representations of their environment
[31], [32]. This transformation is primarily achieved through
three key directions:

A. Joint modeling and end-to-end learning of vision-language-
action

Next-generation vision-language-action (VLA) models epit-
omize this trend. Key aspects include:

• Architectural Integration: Models like ChatVLA [33] di-
rectly couple visual perception, language understanding,
and action generation at the architectural level, enabling
seamless multimodal fusion.

• Formal Foundation: The core objective can be formalized
as learning a conditional probability distribution:

P (A | V, L) =
T∏

t=1

P (at | v≤t, l≤t, a<t) (3)

where V denotes the visual input sequence, L represents
the language instruction, A = {a1, a2, . . . , aT } is the
action sequence, and t is the time step.

• Training and Generalization: Through pre-training on
internet-scale multimodal data, these models achieve ro-
bust visual-semantic generalization capabilities, enabling

robots to perform numerous open-word “zero-shot” tasks
such as folding clothes or assembling boxes according to
verbal instructions [34].

• Training Challenges: VLA training faces core challenges
including catastrophic forgetting and task interference
[35]. Advanced methods such as staged alignment train-
ing and hybrid expert networks have been proposed to
address these issues while preserving multimodal under-
standing capabilities [36].

B. Physical Property Inference and Cross-Modal Common
Sense Understanding

The cognitive core enables robots to comprehend deep
physical properties and functionalities of objects beyond their
appearance. This capability encompasses several key aspects:

• Visual Property Inference: Fine-tuning Vision-Language
Models allows robots to infer physical concepts like
material and rigidity from a single image, applying this
knowledge for safe operation planning [37].

• Cross-Modal Sensing: By analyzing force/torque sensor
data through models like GPT-4V to generate temporal
images, robots can indirectly “perceive” liquid viscosity,
achieving cross-modal reasoning from non-visual modal-
ities to physical understanding [38].

• Foundation for Manipulation: This physical intuition
forms the foundation for safe and dexterous robotic
manipulation, enabling more nuanced and adaptive in-
teraction with the physical world [39].

C. Open-Vocabulary Semantic Context Construction and Spa-
tial Intelligence

LLM-driven cognitive systems support open-vocabulary
perception and scene understanding. The HOV-SG method
[40] utilizes open-vocabulary vision foundation models to con-
struct hierarchical 3D scene semantic graphs online, enabling
robots to comprehend complex referents like “the drawer to
the left of the desk in the study” and support long-range,
cross-floor navigation tasks based on natural language. This
exemplifies spatial intelligence—the ability to understand and
act in physical space by integrating geometric, semantic,
and functional knowledge—which is crucial for embodied
cognition [41].

Current research trends are propelling VLA toward greater
efficiency and intelligence [42]: Discrete diffusion model
architectures enable efficient parallel generation of action
sequences [43]; embodied thought chain techniques enable
robots to reason through intermediate steps before acting,
enhancing planning interpretability and complexity [44]; while
action segmenter research focuses on discretizing continuous
actions into “lexemes” better processed by VLM, addressing
a key challenge in modality alignment [45].

IV. INTELLIGENT DECISION-MAKING: LAYERED,
COLLABORATIVE, AND RESILIENT

With LLMs as the cognitive core, robotic decision in-
telligence exhibits new characteristics of hierarchical struc-



ture, collaborative capabilities, and high resilience. Decision-
making is no longer a single feedforward process but rather
an evaluable, correctable closed-loop system based on the
cognitive core [46]. This closed-loop is primarily achieved
through the following mechanisms:

A. Hierarchical task decomposition and neuro-symbolic
grounding

LLMs excel at decomposing abstract instructions into con-
crete steps. To ensure precision and physical feasibility, neuro-
symbolic fusion has emerged as a key trend [47]. Its key
aspects include:

• Hybrid Planning Framework: Systems like CLMASP
[48] and TwoStep [49] integrate LLMs with symbolic
planners (e.g., ASP, PDDL). LLMs handle high-level
decomposition and common-sense reasoning to produce
a plan skeleton.

• Symbolic Refinement and Validation: Symbolic systems
then ground and validate the skeleton into an executable
plan, ensuring logical consistency and physical feasibility.

• Performance Gain: This synergy raises success rates from
under 2% (pure neural) to over 90%, balancing neural
generalization with symbolic reliability [50].

B. Verifiable Decisions and Enhanced Robustness

To prevent cumulative errors from biased single decisions,
new frameworks introduce verification mechanisms [51]. A
prevalent advanced approach constructs a verifiable confidence
scoring function for decision plans. This function compre-
hensively integrates the model’s confidence in the candidate
plan, the estimated uncertainty, and its relative advantage over
alternatives. A robust decision criterion can be formulated as:

P (yplan | x)
P (yalt | x)

· exp(−λ · σ(yplan)) > τ, (4)

where yplan denotes the current plan, yalt represents the
alternative plan, σ(yplan) quantifies the uncertainty of the
current plan (e.g., predictive variance or entropy), λ ≥ 0 is
a penalty coefficient that adjusts the influence of uncertainty,
and τ is the preset threshold. When the inequality is not
satisfied, the system may trigger replanning or request human
intervention, thereby enhancing decision robustness and safety.

C. Multi-agent Dialogic Collaboration

When multiple robots possess LLM-based “brains,” they can
engage in efficient negotiation via natural language [52]. For
instance, the MHRC framework enables decentralized collab-
oration among three heterogeneous robot types: mobile robots,
robotic arms, and mobile manipulation platforms [53]. Here,
LLMs serve as a unified “task allocation and communication
protocol,” coordinating the group to accomplish complex tasks
like exploration and transportation, demonstrating an advanced
form of collaboration.

D. Lightweight and Human-Centered Interaction Design

To facilitate deployment of cognitive cores, research is
evolving toward lightweight and interactive approaches. The
InteLiPlan framework, as a lightweight LLM planner, imple-
ments robot-agnostic pipelines and introduces a human-in-
the-loop mechanism allowing real-time manual intervention.
It achieves high success rates and fault recovery capabil-
ities even under onboard computing constraints [54]. The
CLEAR platform emphasizes programming robotic behavior
through prompt engineering (rather than fine-tuning), offering
a flexible and user-friendly new paradigm for human-robot
interaction [55].

In summary, through hierarchical and verification mecha-
nisms, decision-making achieves layered structure and high
resilience; multi-agent dialogue enables collaboration; and
lightweight interaction design ensures the paradigm’s feasi-
bility and user-friendliness in practical systems. Collectively,
these mechanisms form a robust and adaptive new decision
intelligence system with LLMs as its cognitive core.

V. CONTINUOUS LEARNING AND ADAPTATION

Robots deployed in the real world must adapt to evolving
environments, tasks, and user preferences. The paradigm cen-
tered on LLMs as cognitive cores provides a natural frame-
work for continual learning and lifelong learning in robots,
enabling them to evolve through interactions [56], [57]. This
framework is primarily achieved through three complementary
mechanisms:

A. Extracting and generalizing knowledge from natural lan-
guage feedback

When robots make errors, users can provide corrections
in natural language. LLMs parse this feedback to distill
generalizable rules or knowledge fragments (e.g., “condiments
are typically stored on refrigerator door shelves”) and store
them in a structured knowledge base. This process can be
formalized as dynamic updates to the knowledge base:

Kt+1 = Kt ⊕ Φ
(
Ft, st, at; Θ

)
(5)

Here, Kt ∈ K denotes the structured knowledge base at
time step t, Ft represents the natural language feedback, while
st ∈ S and at ∈ A characterize the environmental state
and the executed action, respectively. The knowledge update
operator ⊕ : K × R → K realizes the fusion operation
in the rule space. Φ : L × S × A → R denotes the
rule extraction function parameterized by Θ, which maps un-
structured feedback into generalizable rule representations R.
This mechanism automatically activates corresponding rules in
semantically similar scenarios through the semantic retrieval
function Ψ : S ×A×K → R, thereby significantly reducing
the frequency of human intervention. Similarly, incremental
learning research demonstrates how large language models can
learn directly from errors through interactive code generation
and modification [58].



B. Automated Skill Library Construction and Curriculum
Generation

The cognitive core enables robots to autonomously expand
their capability boundaries. The CurricuLLM system [59]
leverages LLM world knowledge to automatically design
progressive training curricula for complex skills (e.g., tool
usage). Furthermore, the LEAGUE++ framework [60] deeply
integrates LLMs with Task-Aware Motion Planning (TAMP)
and Deep Reinforcement Learning (DRL), achieving unified
automation of task decomposition, skill creation, and reward
generation to support continuous skill learning in long-term
tasks.

C. Reinforcement Learning Fine-Tuning and Closed-Loop Op-
timization

While imitation learning provides a strong initial policy,
reinforcement learning (RL) is crucial for fine-tuning and
robustness. The cognitive core enhances this process by:

• Bridging the “Last Mile”: RL fine-tunes policies from
Vision-Language-Action models, adapting them to novel
or edge-case scenarios for robust performance [61].

• LLM as a Learned Reward Function: Multimodal LLMs
act as “preference critics,” evaluating trajectory videos to
provide feedback. This trains a reward model that guides
RL policy optimization [62].

• Forming a Complete Learning Loop: A closed loop is
created from high-level cognitive understanding (LLM) to
low-level control optimization (RL), incorporating human
feedback and autonomous exploration for continuous
refinement of efficiency, robustness, and safety.

Through natural language interaction, autonomous explo-
ration, and RL-based refinement, robot systems with an LLM
cognitive core achieve continuous adaptation and evolution
throughout their lifecycle.

VI. CONCLUSION

Large Language Models (LLMs) serve as the cognitive core
driving a paradigm shift in robotics. This paper dissects LLM-
centric architectures, elucidating how they reconstruct robots’
multimodal understanding, decision-making, and continuous
learning capabilities. By serving as a unified semantic inter-
face, a common-sense reasoning engine, and a metacognitive
coordinator, LLMs effectively bridge the gap between abstract
thinking and contextual cognition in robots. This facilitates
the evolution of perception toward semantic understanding,
decision-making toward resilient closed-loop systems, and
learning toward lifelong adaptation.

Future breakthroughs depend on multi-directional collabo-
ration: Building embodied world models with reasoning capa-
bilities to overcome physical common-sense limitations; En-
hancing system reliability and interpretability through neuro-
symbolic fusion; Upholding human-centered principles to
foster symbiosis between humans, machines, and the envi-
ronment. The field stands at the critical juncture of deeply
integrating LLM cognitive capabilities with robotic physical

bodies. This integration represents both a formidable engineer-
ing challenge and a pivotal journey in exploring the essence of
intelligence to shape the next generation of collaborative part-
ners. Its advancement urgently requires close interdisciplinary
collaboration and innovation on a global scale.
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