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Abstract Currently, new-generation arti cial intelligence techno logies, such as foundation models and embodied intelligenc e, are de-
veloping rapidly, signi cantly expanding the connotation and extension of navigation technology. Cognitive navigat ion, by interacting
with the environment, achieves learning, growth, and evolu tion. It represents a new navigation paradigm formed by the d eep integration
of cognitive science, navigation technology, arti cial in telligence, and real-world application scenarios. The cor e of cognitive navigation
lies in the growth and evolution of cognitive abilities unde r spatiotemporal coupling, with its technological essence re ected in the four
dimensions of \ability-interpretability-generalizabil ity-evolvability”, forming an adaptive navigation archit ecture based on the ternary
environment-task-platform coupling. First, this review s ummarizes the history and current state of navigation techn ology, explores the
foundations of cognitive navigation in the elds of psychol ogy, neuroscience, and arti cial intelligence, and emphas izes the need to advance
navigation technology into the cognitive space. Then it pro vides a detailed introduction to the framework of cognitive navigation along
with the latest advances in perception, decision, and execu tion. Finally, the review explores the cognitive navigatio n paradigm based
on the mechanism \ability-interpretability-generalizab ility-evolvability", emphasizing the need for further res earch on next-generation
cognitive navigation technologies that integrate stable p erception, intelligent decision, and adaptive execution, with the aim of achieving
high e ciency, strong versatility, and self-evolving capa bilities for \one brain, multiple forms" and \one machine, m ultiple uses".
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1 Introduction

A navigation system is a computational system that is used to detemine the position and orientation of an object
and guide it from one location to another. This system addresses fidamental navigation questions: \Where am
I?", \Where am | going?" and \How do | get there?". Building upon th e questions outlined above, navigation
systems have evolved into a \Perception-Decision-Execution" paadigm. Speci cally, Perception is responsible for
acquiring and processing information about both the environment ad the agent's internal state; Decision integrates
goal-related information with perceptual data to generate navigdion tasks; and Execution transforms task-level
instructions into concrete executable motions. Through the coninuous interaction of these three components, this
paradigm constructs the navigation system as a goal-driven closelbop control system. With the rapid development
of information technology, navigation systems have been widely apfed and advanced across various elds such as
agriculture, healthcare, education, transportation, and military sectors. For example, autonomous vehicles operate
on urban roads or highways 1], assistive robots provide walking assistance and navigation servisefor individuals
with mobility impairments [ 2], underwater robots dive into the deep sea for marine exploration ad operations 3],
unmanned aerial vehicles assist in detection and search-and-rase operations in dense forests4], and planetary
rovers land on extraterrestrial bodies for exploration and surveing [5], among others.

Although navigation systems have made signi cant contributions to human society at present, they still face
a series of challenges when confronted with the ever-expanding mge of application scenarios and the increasing
demand for intelligence. These challenges correspond respectively the three components of the \Perception-
Decision-Execution" navigation paradigm, and are manifested as filows. \How to perceive?" which refers to
how navigation systems handle scene adaptability in complex environents [6]. When unknown spatial changes
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occur, such as variations in spatial style due to seasonal or weagh changes, dynamic spatial structural changes
caused by moving objects not previously considered, or low-dynaim spatial structural changes resulting from
human alterations or scene modi cations, navigation systems needo maintain perceptual stability and avoid
failure. \How to decide?" which concerns how navigation systems rgpond to the increasingly diverse multi-modal
commands and task requirements 7, 8]. In the face of uctuating user input, diverse destination choices and
complex navigation environments, navigation systems must e ectiely generate objectives and make optimal task
plans. \How to execute?" which pertains to how navigation systemsadapt to various mobile platforms in terms
of behavior execution P]. Dierent navigation carriers often possess di erent motion capabilities, so navigation
systems need to actively adapt to their unique dynamic characteriscs and con guration traits in order to achieve
optimal motion e ciency. From the challenges outlined above, it can be seen that in order to fully enhance the
stability of perception, the intelligence of decision, and the adaptalility of execution, navigation systems can no
longer rely on traditional o ine adjustments and testing. Instead , they urgently need the ability to proactively
acquire knowledge and apply reasoning during the navigation proces

Cognition [10] is de ned as the mental activity or process of acquiring knowledgeand understanding through
thought, experience, and sensory perception, it encompassedl aspects of intellectual functions and processes.
Speci cally, the cognitive functions involved in perception, decision,and execution include the following. Several
types of spatial cells in the EC-hippocampus region jointly map to fom cognitive maps [L1], enabling the perception,
memory, and understanding of navigation space. Humans use exisg knowledge to reason about the environment
and their own non-prior information [ 12], combining situational memory to predict behavior patterns and potential
consequencesif], thereby enabling decision-making and behavioral adjustment. Aditionally, humans logically
interpret and infer the implied meanings and underlying messages in irgrpersonal communication 4], facilitating
the parsing and exchange of instructions; humans can learn new ntingent associations between movement and
outcomes, and rapidly reshape the sensorimotor representatianof their bodies [L5]. Research on how cognition
arises and develops has been extensively carried out across multiplésciplines. In psychology, theories of cognitive
development [L6] focus on the changes in cognition across childhood, adulthood, dnold age, summarizing the
evolutionary patterns of cognitive functions and modes of thinking These theories highlight the staged progression
of cognitive abilities throughout the human lifespan. In the eld of neurobiology, Nobel Prize-winning studies
and articles in Science 11] and Nature [17] have conducted in-depth research on multi-scale cognitive plastity
at the micro, meso, and macro levels. Their studies reveal the neat mechanisms underlying the evolution of
cognitive functions, highlighting that cognitive plasticity is the under lying mechanism enabling humans to achieve
autonomous development and lifelong learning through interaction \ith the environment.

The human cognitive processes involved in perception, decision andecution exhibit a functional isomorphism
with the \Perception-Decision-Execution" paradigm of navigation systems. Analyzing and simulating these human
cognitive processes o ers a viable pathway for integrating cogniti¢ mechanisms into navigation, enabling a deeper
coupling between navigation paradigms and cognitive capabilities. Mogover, from the perspective of cognition's
de nition, incorporating cognitive mechanisms facilitates a paradigm shift in navigation systems|from passive
computational responses to active inference adaptation. Suchognitively enhanced navigation systems are capable of
continuously uncovering the triadic relational knowledge among enironment, task and platform, thereby addressing
existing challenges in perception stability, decision intelligence, and eacution adaptability. This review refers to such
systems as cognitive navigation. Drawing on research from psychagy and neurobiology regarding the arising and
development of cognition, this review proposes that cognitive navigtion should be equipped with an evolutionary
mechanism shaped by four core cognitive states: ability, interpreability, generalizability, and evolvability.

Ability: Through the collection and accumulation of fundamental dat a and their underlying logical relationships,
the navigation system constructs a knowledge base, thereby aaging initial capabilities for information processing
and storage. This process corresponds to the early stages ofgrotive development proposed by psychologists such
as Piaget [Lg], wherein individuals gradually form cognitive structures of the external world through sensorimotor
interactions and concrete experiences. At the neural level, thistage re ects the foundational dimension of cognitive
plasticity revealed by neurobiology|synaptic connections are formed and adjusted as the brain interacts with the
environment [19], laying the structural groundwork for the development of higher cognitive functions.

Interpretability: At this stage, the navigation system, guided by it s knowledge base, must deeply analyze and
understand logical reasoning processes, thereby enhancing ttransparency and interpretability of its inferences. In
psychology, this parallels the developmental transition from the caicrete operational stage to the formal operational
stage RQ], during which individuals begin to acquire abstract thinking and logical reasoning abilities. Neurologically,
this progression is closely associated with the maturation of advared cognitive regions such as the prefrontal
cortex [21], representing the evolution of cognitive plasticity in terms of understanding and causal reasoning.

Generalizability: The navigation system further organizes and integates fragmented knowledge, constructing a
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more systematic and comprehensive knowledge framework throlgabstraction and continuous re nement. This

stage can be seen as an embodiment of the schema theory in psyldgy [22], where individuals organize fragmented
knowledge by constructing and activating cognitive structures (£hemas) that contain multiple knowledge units.
Neuroscienti ¢ research also supports this view, demonstrating hat during long-term learning, the brain recon-

structs multimodal connectivity patterns [ 23], enabling cross-domain integration of disparate knowledge modulégs

thereby illustrating the deepening of cognitive plasticity in structur al integration and knowledge transfer.

Evolvability: This state runs throughout the entire cognitive proce ss. It not only enables the navigation system
to acquire new knowledge from practice and optimize navigation stréegies, but also serves as a driving force behind
the continuous iteration and advancement of the entire knowledgesystem. Psychology regards this as cognitive
adaptability across the lifespan R4], while neurobiological studies have shown that even in adulthood or ld age,
the brain retains the capacity to learn new information and reorgarize neural networks. This sustained adaptability
is the most essential manifestation of cognitive plasticity R5)].

The four core cognitive states are interconnected and mutually ranforcing, enabling cognitive navigation to
develop the capability of adapting to environments, tasks, and platorms in complex, dynamic, and open navigation
scenarios.

In this review, we provide an in-depth discussion and comprehensiveurvey of the related aspects of cognitive
navigation. Figure 1 provides an overview of the work presented in this review. In the sbsequent sections, we
analyze the development trends of navigation systems and summase research outcomes in the eld of cognitive
navigation. Additionally, considering the technical support for the new cognitive navigation framework, we review
the relevant technologies of navigation systems and, in the nal setion, discuss the functional paradigms of the
new cognitive navigation framework in practice.

2 Research background

2.1 Development of navigation systems

The development of navigation systems represents a signi cant milgtone in human civilization, with a long and sto-
ried history. As early as ancient times, China invented early navigatia tools such as the Si Nan and the Li-recording
drum carriage, which despite their simplicity, re ected humanity's fu ndamental need for measuring direction and
distance. Over time, the Age of Exploration from the 15th to 17th centuries propelled the advancement of celes-
tial navigation technologies. Tools such as the sextant and the levegreatly improved the safety and accuracy of
maritime navigation [26]. In the 20th century, the emergence of radio navigation systemsnarked another signi -
cant breakthrough in navigation technology. During World War IlI, r adio navigation systems were widely used in
both military and civilian domains, signi cantly enhancing the precision and reliability of navigation [ 27]. In the
1940s, Germany equipped its V-2 rockets with inertial stabilization cevices, marking the birth of inertial navigation
systems P8], which provided a new technological foundation for subsequent acdhncements in navigation. Since
the 1950s, the gradual establishment and opening of global satelbt navigation systems 29] have revolutionized
navigation technology. Systems such as the GPS, GLONASS, Galile@nd BeiDou now constitute a global satellite
navigation network, enabling users worldwide to obtain precise posibning services regardless of location. With the
development of various navigation technologies, integrated navigi#on systems emerged. These systems combine
information from multiple navigation technologies to overcome the limitations of single systems in specic envi-
ronments, achieving more precise and stable navigation. For exani@, modern commercial and military aircraft
widely adopt integrated GNSS and INS navigation systems 30] to ensure stable and reliable navigation services
across diverse conditions. With the rapid development of computetechnology and arti cial intelligence, intelligent
navigation systems based on sensors such as cameras and LiDARvBaegun to take shape. Unlike traditional nav-
igation systems that determine \Where am 1?" solely through state estimation without observing the environment,
intelligent navigation leverages sensor data. On one hand, it provide high-quality spatial measurement informa-
tion [31,32], o ering new constraints to the state estimation process. On theother hand, it supplies environmental
perception information for answering \How do | get there?" [33]. This approach not only compensates for human
perceptual blind spots but also alleviates the burden of real-time hman perception during navigation.

From the functions provided by celestial navigation, radio navigation, inertial navigation, satellite navigation,
integrated navigation, and intelligent navigation, it is evident that ea rlier navigation systems primarily served as
tools to assist humans in the navigation process. They delegated thdecision-making question of \Where am |
going?" and the execution question of \How do | get there?" to humans, who determined the destination and
continuously controlled the navigation process based on feedbadkom the systems. E orts to enable computers
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Figure 1 Overview of the review. In Section 1 (introduction), we intr oduced the issues currently faced by navigation systems in c omplex
scenarios and proposed the need for an evolution mechanism o f \ability-interpretability-generalizability-evolvab ility" to ensure the stability

of perception, the intelligence of decision-making, and th e adaptability of execution at navigation systems. In Secti on 2 (background), we
summarized the development of navigation systems and the re search achievement in the related elds of cognitive naviga tion. In Section
3 (concept), we proposed a new framework for cognitive navig ation. While expressing the cognitive loop and the navigati on function loop,
we emphasized the structural relationship between the cogn itive core and cognitive perception, cognitive decision, a nd cognitive execution. In
Section 4 (methods), we summarized the speci c technologie s related to the cognitive core, cognitive perception, cogn itive decision, and cognitive
execution in current research. In Section 5 (future trends) , we propose several new functional paradigms for cognitive navigation, formed with
the support of the \ability-interpretability-generaliza bility-evolvability" evolution mechanism.

to autonomously complete navigation tasks by integrating sensor iputs with actuator outputs began early on.
In 1972, the Stanford Research Institute (SRI) in the United States successfully developed Shakey, the world's
rst robot capable of perception and mobility [ 34]. In 1989, Carnegie Mellon University introduced ALVINN, an
autonomous vehicle constructed using neural networks, demoiraiting the potential of deep learning technologies
in navigation [35]. However, due to hardware limitations at the time, these systems auld only perform relatively
simple navigation tasks and were restricted to speci c operationalenvironments. With the reduction in hardware
costs and signi cant improvements in computational power, more €nsors and intelligent algorithms have been
integrated into computational systems, enabling autonomous naigation systems to comprehensively address the
guestions of \Where am 1?", \Where am | going?", and \How do | get there?". This capability endows navigation
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platforms with fully autonomous navigation abilities, eliminating the need for human intervention.

Currently, autonomous navigation systems are divided into two pamadigms: modular pipeline and end-to-end.
The modular pipeline is the most commonly used autonomous navigatioriramework [36{38]. It decomposes the
navigation problem into smaller and more speci ¢ sub-problems: decisn-making, perception, localization, plan-
ning, and control. This approach typically relies on various sensor infrmation to generate a consistent metric
representation of the surrounding environment, and uses this neresentation to link the functions of each module,
thus enabling a complete navigation process. Although the modular fpeline is relatively interpretable due to its
modularity, it focuses on using metric representations to analyticdly calculate the system's navigation actions,
which is far from how human navigation behavior works. Unlike the modular pipeline approach, which breaks down
the autonomous navigation problem into multiple sub-problems, the ed-to-end method directly maps sensor inputs
to control outputs and skips the intermediate steps of building exgicit environmental models in a data-driven man-
ner [39,40]. Compared to the modular pipeline, the data used to train end-to-exd autonomous navigation systems
can be relatively easily acquired, such as by driving around and recaiing video clips along with driving trajectories.
However, the end-to-end method faces the challenge of learningeky complex mappings using arti cial intelligence
techniques, and its performance depends on a large amount of tirsing data. It has poor generalization ability and
is unable to handle various unknown situations that may arise during ravigation [41]. Moreover, the end-to-end
method lacks transparency, and the decision-making process with the neural network is di cult to understand,
leading to poor system interpretability [42,43]. Autonomous navigation systems with opaque behavior may not be
trusted by humans [44].

To validate the inevitability of cognitive navigation as a development trend, we can analyze the development
trajectory of navigation systems using the four core cognitive sates of \ability-interpretability-generalizability-
evolvability", as shown in Figure 2. Celestial navigation, radio navigation, inertial navigation, and satellite naviga-
tion, as single-sensor navigation systems, provide the basic statstimation results for human navigation behavior.
Integrated navigation further improves the quality of state estimation by combining multiple sensors. In the in-
telligent navigation phase, LIDAR and cameras are used to perceiverwironmental information, thus assisting
the human navigation process. In the above-mentioned navigatiormethods, the decision-making and execution
processes are still controlled by humans, and the cognitive statefahe navigation system primarily focuses on
\ability"|that is, using sensor data to perceive its own state and th e environment. As we enter the autonomous
navigation phase, navigation systems begin to take over the full naigation functions of the platform. In this phase,
the modular pipeline approach runs di erent algorithms to integrate perception, decision and execution. The end-
to-end autonomous navigation approach, on the other hand, usea uni ed algorithm structure (neural networks) in
a data-driven manner to implement navigation functions. In both of these navigation methods, algorithm engineers
reason and re ect upon the performance of the algorithms, corihually iterating and optimizing the navigation
algorithm performance, thus replacing the \interpretability”, \ge neralizability", and \evolvability" cognitive states.
The introduction of cognitive navigation, based on the above-menioned navigation forms, endows the navigation
system with the ability for logical reasoning, knowledge transfer, ad re ective iteration, thus realizing the integrated
evolution of the four core cognitive states: \ability", \interpreta bility", \generalizability" and \evolvability". It is
precisely because cognitive navigation possesses more autonora@nd complete cognitive abilities compared to the
aforementioned navigation methods that navigation systems will peform more stably, intelligently, and universally
when faced with complex tasks, environments, and di erent exection platforms.

2.2 Development of elds related to cognitive navigation

The development of cognitive navigation primarily stems from the conbined e orts of three elds: psychology,
neurobiology, and arti cial intelligence. Psychology focuses on degibing the components or processes of human
cognition and modeling them, while neurobiology reveals the biologicaldundation of spatial navigation by studying
the workings of the brain's internal neural systems. Both of theg elds rely on arti cial intelligence (Al) technologies
to integrate their respective ndings on cognition and simulate cogrition on computational devices. With the rapid
development of arti cial intelligence, data-driven deep learning metods have demonstrated powerful cognitive
abilities, surpassing traditional psychology and biology to become a &y component in the development of cognitive
navigation. Figure 3 shows the number of publications related to cognitive navigation fran 2004 to November 2025.
Since many of the cognitive discoveries in psychology and neurobiolggely on arti cial intelligence for simulation,

in this review, we categorize psychology-inspired and neurobiologinspired research ndings into the psychology
and neurobiology elds, respectively. The arti cial intelligence eld w ill encompass cognitive navigation research
that is solely realized using Al technologies. Below, this review will intraduce the relevant topics of cognitive
navigation in these three elds.
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Figure 2 Development of navigation systems. Its development trends can be summarized in conjunction with the four core cognitiv e states of
\ability-interpretability-generalizability-evolvabi lity".

2.2.1 Psychology

Psychology has two main theoretical foundations in the eld of cogrtive navigation: a ordance theory and the dual
process theory. The current state of research in these two diions will be explained below.

(1) A ordance theory. The concept of a ordance was introduced in the 1970s by ecologist and psychologist Gibson
to describe the action possibilities and opportunities for behavior o ered by objects in the environment 5]. Gibson
emphasized that a ordances are not inherent physical propertis of objects, but rather action possibilities relative to
the capabilities of the agent 6]. This theory challenges the traditional cognitive model of information processing,
which typically follows a \perception-internal modeling-decision-making" sequence. Instead, it advocates for the
directness of perception and action, arguing that organisms candirectly perceive" actionable opportunities from
the environment without constructing detailed geometric models ofthe world or engaging in rule-based logical
reasoning. The theory of a ordance has sparked ongoing debatsvithin the academic community, particularly
concerning the question of whether a ordances can truly be pereived without intermediary representations. For
instance, Norman R|7] introduced the concept of perceived a ordance in interface degn in 1988, highlighting the
role of mental representations. In contrast, Turvey 8] placed greater emphasis on the dynamic coupling between
the environment and the individual. Consequently, how to reliably translate this psychological concept of a ordance
into a structured representation within navigation systems presets a signi cant interdisciplinary challenge at the
intersection of cognitive science and navigation technologies.

In recent years, with the development of data-driven methods ad deep learning technologies, the concept of a or-
dance has been widely applied in the perception and decision processef robotic systems. Early research primarily
focused on manipulation tasks based on 2D images, such as Where@A49], VAT-Mart [ 50], AdaA ord [ 51], and
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Figure 3 Publication trends in the research elds related to cogniti ve navigation. We conducted a search in the Science Citation Index (SCI)
for papers related to cognitive navigation in the elds of ps ychology, neurobiology, and arti cial intelligence over t he past two decades. The
results show that the number of papers on related topics has b een steadily increasing. Moreover, the number of papers on c ognitive navigation
in the eld of arti cial intelligence began to grow rapidly a fter 2020, far surpassing those in the psychology and neurob iology elds.

VAPO [52]. These methods typically model a ordances as image features, itheding forms such as positions $3],
regions p4], keypoints [55], and heatmaps p6]. Given that the understanding of a ordance often relies on the g®-
metric properties of objects, recent studies have gradually exteded a ordance modeling to the domain of 3D point
clouds [b7], aiming to overcome viewpoint limitations and achieve more comprehesive and robust representations.
In practical applications, a ordances are often used as intermedhte representations of the functional properties of
manipulated objects to guide robotic systems in learning manipulationpolicies. Mainstream approaches typically
adopt a two-stage training framework: rst learning a ordance r epresentations from interaction data, and then
training manipulation policies based on these representations. Somstudies have also attempted end-to-end joint
learning of a ordance and policy to enhance the coupling between peeption and decision-making 58{61].

In autonomous navigation, a ordance is likewise regarded as a cogtive expression of \implicit" interaction
processes. Hertzberg et al.62] de ned a ordance as an \abstraction of the robot-environment relationship",
emphasizing both its shared nature and agent dependencelthat is while a ordances may have general meaning,
their realizability still depends on the agent's capabilities and task obpctives. This perspective provides a theoretical
foundation for shared mapping and environment understanding in m@vigation systems. Varadarajan B3] utilized
a ordance-related features such as support-ability and contairability for obstacle detection and room functional
categorization in topological maps, thereby enhancing self-localizeon and loop closure detection, and enabling
semantic-aware, task-driven navigation. To address localization ad mapping errors caused by outdated prior
maps, Terblanche et al. p4] introduced the concept of navigation-a ordance into SLAM systems. Speci cally, they
incorporated constraints between a ordance and pose nodes whin a factor graph optimization framework, enabling
cross-modal matching between a ordance features extractedrom visual perception and abstract semantic nodes
in a semantic map. This approach improves the robustness and praicality of localization and mapping without
relying on speci ¢ visual appearances. Qi et al. 5] predicted spatial a ordance maps using sensor data, enabling
the navigation system to actively explore and build priors on non-navgable areas, which then guide path planning
and exploration strategies. Chen et al. #2] proposed the direct perception (DP) paradigm as a third approat to
navigation, positioned between traditional modular pipelines (MP) and end-to-end imitation learning (IL). This
method bypasses explicit environment modeling and directly predictshree low-dimensional a ordance indicators
from images: heading angle, distance to nearby lane markings, andsdance to preceding vehicles. These are then
used to construct a controller, achieving a fast, closed-loop pegaption-to-control pathway. This approach echoes
Gibson's original theory|namely, that organisms can link perception to action without requiring detailed and
precise representations of the environment. Based on the DP fraework, Sauer et al. §6] introduced video inputs
and language instructions to enable conditioned a ordance-basedavigation behavior generation.

Despite the encouraging progress achieved at the engineering léythere is still no consensus on key issues such
as the representation format, interpretability, and cross-task transferability of a ordances. Moreover, a ordance
fundamentally depends on the dynamic relationship between the age and the environment, and its perception and
realization are jointly in uenced by the task objectives, environmental structure, and agent-speci ¢ capabilities. A
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critical open question for future research is how to adaptively adjist the representation of a ordances across varying
contexts and scenarios.

(2) Dual process theory. The dual process theoryd7] is an important framework in contemporary cognitive
psychology, used to explain two parallel and complementary processng mechanisms in human thinking: System 1
represents fast, automatic, context-driven, and low-resoure but error-prone intuitive processing; System 2 represents
slow, cognitively resource-dependent, rule-based, and logical-atytic processing p8,69]. The theory originated from
Daniel Kahneman and Amos Tversky's research on heuristics and b&es in decision70], and was later systematized
by Stanovich and West [71]. Its purpose was to address decision biases unexplained by the dtluationality
hypothesis in Piaget's theory of cognitive development. Although itstheoretical validity is still debated in academia,
the dual process theory has been widely adopted as an inspiratioh@aradigm for cognitive system design.

Ding et al. [72] proposed the CogQA system, which simulates the alternating collabration between System 1 and
System 2 by constructing a cognitive graph: System 1 rapidly retri#es semantic nodes related to a given question to
build a dynamic graph, while System 2 performs in-depth reasoning aah veri cation on top of it. The performance of
this architecture demonstrates a potential way for the dual-sysem model to balance information-processing e ciency
with reasoning depth. Fadjrimiratno et al. [ 73] mapped the dual process theory onto a hierarchical robotic canol
architecture, where System 1 (fast reaction layer) is based on @ convolutional neural networks to directly map
multi-source sensor data into control commands, enabling millisecadrlevel dynamic obstacle avoidance; System 2
(slow reasoning layer) uses a global environment map and rule-bagé¢ask planning to generate long-term paths, and
can dynamically adjust System 1's policy parameters or take over aatrol when necessary. Mei et al. T4] applied
the dual process theory to scene reasoning and decision-making autonomous driving. They designed System 1
as an Analytic Process, which continuously uses language to descglkey objects in the environment that in uence
decisions, thereby building an experience memory bank; through fervised ne-tuning (SFT), the accumulated
experience is transferred to System 2, which corresponds to a ligheight heuristic process. This allows autonomous
driving to balance real-time adaptation with experiential learning. Th e work further proposes deploying the raw-
data-driven analytic process in the cloud, while placing the instant-cecision heuristic process on the vehicle's edge
devices, thus achieving cognitive resource decoupling and reduciran-board computational requirements.

These applications indicate that the dual process theory can proie navigation systems with a \fast-slow com-
bined" information-processing paradigm. However, its implementaton still faces multiple challenges: How can the
collaboration and competition between System 1 and System 2 be matkd in dynamic environments? How can
the boundaries and division of labor between the two systems be clélg de ned at the task level? And how can
the transferability of their processing modes and triggering mechaisms be ensured across di erent task scenarios?
These questions remain subjects for further research.

2.2.2 Neurobiology

Research in neurobiology related to cognitive navigation primarily foaises on the neural mechanisms of biological
spatial navigation, including the exploration of the cognitive map gereration mechanism and the simulation of brain
neuron activity.

Cognitive maps, also known as mental maps or mental models, provainformation about the relative positions
and attributes of phenomena in daily life or implicit spatial environments, enabling individuals to acquire, encode,
store, recall, and decode this information. Cognitive maps facilitatethe construction and accumulation of spatial
knowledge, reducing cognitive load and enhancing recall and learninfy5]. The concept was proposed by Tolman
in 1948 [76] to explain how rats were able to nd new shortcuts in a maze to obtan rewards. Based on these
experiments, Tolman suggested that animals may form internal spal representations, rather than relying solely
on stimulus-response associations. Since then, the notion of coitjue maps has been widely adopted to interpret
spatial learning and goal-directed behavior in both humans and animés [34, 77]. This theory was later supported
by neurobiology research, which identi ed its biological basis. In 1971, O'Keefe et al. [78] discovered place cells
in the hippocampus of rats. In 1978, O'Keefe and Nadel hypothesed that di erent place cells and surrounding
neurons in the hippocampus combine to form cognitive maps79]. Since then, other navigation-related cells in the
hippocampus have been predicted and discovered by O'Keefe and saxciated researchers, including head direction
cells BQ], boundary cells B1], grid cells [82], speed cells§3], and others. These cells together form a neural network
that encodes spatial position, orientation, and trajectories, am are considered the core neural substrate of the
cognitive map. Although this theory has received extensive experirantal support, there is still debate regarding its
neural localization and organizational form. Some researchers gue that cognitive maps may not be formed solely
within the hippocampus but are instead supported by distributed, cross-regional brain coordination. Others suggest
that biological navigation behavior may not necessarily rely on strudured spatial representations, but rather on
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local strategies or statistical learning. As a result, subsequentesearch has treated the cognitive map more as a
heuristic framework, characterizing how organisms achieve exiblenavigation through structured representations.

Meanwhile, researchers have attempted to model neural process in the brain using arti cial neural networks.
In 1972, Amari [84] proposed a recurrent neural network based on the Ising modefor modeling learning and
memory. Based on this, in 1984, Hop eld B5] proposed the Hop eld network (HNN), a dynamic associative
memory model capable of storing stable states through neural dyamics. In 2000, Arleo et al. B6] proposed a
spatial learning system that integrates allothetic (e.g., vision and aulition) and idiothetic (e.g., vestibular cues
and proprioception) cues to simulate the coupling between place celland head-direction cells in the hippocampus.
This model employed an unsupervised Hebbian learning mechanism torgdually accumulate spatial experience
and establish stable representations of location and orientation. @bsequent research introduced reward-modulated
synaptic plasticity mechanisms to adjust synaptic e cacy between place cells and action cells in the hippocampus.
This enabled goal-directed spatial navigation behavior driven by leaned associations. Driven by the development
of cognitive map theory and arti cial neural network research, related advances have gradually been applied to
navigation systems. In 2004, Milford et al. B7] proposed RatSLAM, a visual SLAM method widely regarded as the
rst attempt to implement visual SLAM in large-scale real-world envir onments based on rodent brain modelsgg].
This method systematically integrates the spatial representation mechanisms of the hippocampus into SLAM.
Speci cally, the visual template matching system is used for scene grception and recognition, simulating the
matching process between visual input and memory in biological sysims; the continuous attractor network (CAN)
is responsible for path integration and heading maintenance, mimickig the function of navigation-related cells in
the hippocampus; the experience map is used to construct and ugade the topological structure of scenes, resembling
the formation and integration of spatial memory in the hippocampus. Such biologically inspired methods not only
improve the robustness of navigation systems in dynamic environnmds but also validate the transferability of
biological mechanisms into navigation systems.

In recent years, the development of deep learning has further adnced the exploration of computational brain
models. In 2016, Hop eld and Krotov improved the memory capacity of Hop eld networks by modifying their dy-
namics and energy functions89]. In 2020, Ramsauer et al. 90] restructured Hop eld networks using the Transformer
architecture, which was later employed by Whittington and Behrens to replicate brain-like neural ring patterns
and improve performance on speci c tasks. The Transformer's allity to combine historical states and motion in-
formation for position inference mirrors the encoding behavior of gid cells. Computational neuroscientist Schrimpf
et al. [77] found that Transformers excel in a variety of neural prediction tasks and are among the arti cial models
most closely aligned with cortical neural activity in the human brain. T hese studies represent signi cant progress
in computational modeling of spatial memory, laying the groundwork for future cognitive navigation systems.

2.2.3 Articial intelligence

The exploration of cognitive navigation in psychology and neurobiolog reveals that researchers commonly rely on
arti cial intelligence technologies to describe cognitive logic or simulae biological mechanisms, thereby verifying
their research ndings.

With the development of deep learning and the improvement of hardvare computing capabilities, the eld of
arti cial intelligence has begun to exhibit cognitive characteristics in navigation tasks by leveraging the powerful
nonlinear representation capabilities of neural networks. One of lie most representative tasks is vision-language
navigation (VLN). The emphasis of this task is on understanding roue instructions that contain implicit actions,
linking natural language with perceptual information, thereby enabling exploratory actions within an environment.
The entire task process partially simulates the human ability to perfam goal-directed behavior through the coor-
dination of language and perception, re ecting the cognitive processes of perception, reasoning, and learning. The
concept of VLN can be traced back to 2006, when MacMahon et al9[l] proposed connecting language, knowledge,
and action to achieve path navigation. And it gained widespread attetion in 2018, when Anderson et al. §2]
introduced the Room-to-Room (R2R) dataset. Subsequently, reearch has focused on three key challenges faced
by VLN. (1) Semantic alignment between language and vision. To addess this, researchers have proposed various
attention mechanisms and bidirectional encoding architectures toenhance the system's focus on key target objects
and path-related cues 93,94]. (2) Model generalizability. Speci cally, how to maintain navigation accuracy in
unseen environments. Related studies have explored environmemtata augmentation and domain randomization
techniques to improve the system's adaptability to unfamiliar settings [95{97]. (3) Language understanding and
knowledge transfer. Researchers have attempted to incorpota vision-language pre-trained models to build stronger
language-perception representations, thereby improving navigéon performance under complex instructions p8,99].

In recent years, the rapid development of large language models (Ms) and multi-modal foundation models
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has injected new capabilities into cognitive implementation. Foundation models such as GPT-3100, GPT-4 [101],
and CLIP [102 have brought enhanced language reasoning and representatiabilities, enabling richer cognitive
behaviors in complex environments. Based on these models, resebers have proposed various cross-modal fusion
methods for navigation tasks, exploring di erent directions in model architecture and mechanism design. Palm-E,
proposed by Driess et al. 103], encodes continuous sensor observations (such as images andtstestimations) into
embedded representations within a language vector space, allowirsgamless integration between physical perception
and language reasoning. The model emphasizes scalability and end-end multi-modal information fusion within

a uni ed embedding space. EmbodiedGPT, proposed by Mu et al.104], is a lightweight training framework based
on a multi-modal attention mechanism. It constructs high-quality correspondences between language prompts and
visual observations to dynamically extract semantically relevant features from current visual inputs. This approach
highlights the system's semantic execution consistency and gendization ability. Vemprala et al. [ 105 focused
more on natural dialog capabilities in human-robot interaction scenaios. By employing ChatGPT [82] as a high-
level cognitive controller, the system handles task instruction pasing and multi-turn dialogue planning. Its core
innovation lies in using dialogue as a form of intent expression and intenediate reasoning, showcasing the system's
cognitive exibility and linguistic alignment.

Meanwhile, navigation systems are increasingly integrated with foudation models, gradually demonstrating
human-like cognitive potential. Ma et al. proposed the Dolphins model[106], focusing on reasoning mechanisms
under complex multi-modal inputs. It integrates video, text, and historical control signals, and introduces an in-
novative grounded chain of thought (GCoT) reasoning method, emabling the model to more accurately interpret
complex instructions. In contrast, Mao et al.'s Agent-Driver [107] places greater emphasis on constructing high-level
cognitive structures. It treats large language models as cognitiveagents, incorporating a tool library callable by
the agent, a long-term memory mechanism, and a reasoning enginefogether supporting end-to-end human-like
driving behavior modeling, from instruction parsing to sequential adion generation. This demonstrates strong
task autonomy and cognitive completeness. Chang et al. proposettie GOAT [ 108, which focuses on continuous
adaptability and long-term autonomous learning in navigation systens. By using CLIP for image-language align-
ment, the system achieves platform-independent generalizable m@ation across multiple home environments. Its
performance improves signi cantly with accumulated experience (&y., increasing success rate from 60% to 90%
on rst-time targets), showcasing cognitive potential through it erative learning. Shah et al. proposed the VINT
model [109, which further explores the transferability of pretrained models in the navigation domain. Trained on
diverse, large-scale datasets, VINT emphasizes zero-shot depfognt and adaptation through minimal ne-tuning,
laying the groundwork for the generalized application of foundationmodels in embodied navigation tasks.

In summary, the exploration of cognitive navigation in the eld of art i cial intelligence has moved beyond merely
mimicking or reconstructing cognitive mechanisms from psychology ad neurobiology. Instead, it increasingly adopts
a data-driven approach, progressively forming cognitive systemrameworks with autonomous understanding and
reasoning capabilities through continuous optimization of model arbitectures, data structures, and task designs.
From instruction comprehension to path reasoning, from multi-modal integration to higher-order logical inference,
Al technologies are driving the modeling and validation of cognitive ca@bilities through engineering implementation
and optimization. Although these systems still face signi cant challenges|such as handling semantic ambiguity,
interpretable inference, and task generalization|and a uni ed the oretical framework or standardized implementa-
tion path has yet to emerge, their simulation of cognitive functions and performance in complex tasks has already
demonstrated substantial value.

3 Concept of cognitive navigation
3.1 De nition of cognitive navigation

Cognitive navigation is a novel navigation framework aimed at knowledje acquisition and application in com-
plex, dynamic, and open environments. It incorporates an \ability-interpretability-generalizability-evolvability"
evolutionary mechanism as its cognitive core, which empowers navigian functions. This enables the system to
continuously and proactively understand, infer, and re ect on \environment-task-platform", thereby accomplishing
navigation tasks. The goal is to endow navigation systems with huma-like cognitive capabilities, enhancing their
stability, exibility, and adaptability in complex, dynamic, and open env ironments.
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Figure 4 Schematic diagram of cognitive navigation components.

3.2 Components of cognitive navigation

The schematic diagram of cognitive navigation function componentsis shown in Figure 4. Speci cally, cognitive
navigation consists of two loops: the cognitive loop within the cognitive core and the navigation function loop
empowered by the cognitive core. The cognitive loop contains an eWationary mechanism formed by four core cog-
nitive states: \ability", \interpretability”, \generalizability", and \ evolvability". This loop continuously expands a
multi-domain common knowledge base during navigation, thereby enancing the \ability" state. Further, this loop
delves into reasoning and understanding the logical relationships b&een multi-modal data within the common
knowledge base and forms navigational knowledge, thus achievindhé \interpretability" state. Meanwhile, it com-
pares and integrates newly acquired knowledge with existing knowlege systems and uses the knowledge system for
further logical reasoning applications, realizing the \generalizability" state. The results of logical reasoning appli-
cations serve as feedback input to the next cycle, driving the navigtion system to re ect and evolve, forming the
\evolvability" state. The navigation function loop includes cognitive p erception, cognitive decision, and cognitive
execution, three navigation functions. This loop corresponds to lhe real-time data processing ow of the navigation
system and is closely related to navigation tasks. On the one hand, iserves as the practical functional carrier of
the cognitive core, providing sensor data and physical interactios necessary for the cognitive loop's iterative evo-
lution through actual navigation behaviors. On the other hand, as a functional module of the navigation system,
it enables the navigation system to exhibit cognitive capabilities underthe empowerment of the cognitive core,
thereby achieving cognitive navigation. These two loops promote ezh other and jointly enhance the performance
of the navigation system. The relationship between the cognitive lop and the navigation function loop is similar
to that of the \mind" and the \body": cognition is not just abstrac t thought or ideas but is closely related to the
state of the body and its interaction with the environment. Similarly, the execution of physical movements cannot
be separated from cognitive drive. Cognitive navigation requires aull integration of \mind" and \body", enabling
the navigation system to more intelligently and naturally complete navigation tasks.

3.3 Structure of cognitive navigation

Cognitive navigation incorporates the cognitive core, which contairs the cognitive loop, as the cognitive center,
and cognitive perception, cognitive decision, and cognitive executio in the navigation function loop as the cogni-
tive periphery, as illustrated in Figure 5. The cognitive center synthesizes information provided by the cogitive

periphery to conduct the cognitive loop, thereby forming shared epresentations and general cognitive capabili-
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ties. The cognition within the cognitive periphery is driven and sharedby the cognitive center, achieving cognitive
cohesion within the cognitive core. At the same time, due to di erent interaction forms with the environment,
there arises cognitive specialization within cognitive perception, cogitive decision, and cognitive execution. This
structural design di ers from the widely used modular and end-to-end di erentiable networks. While focusing on
endowing the navigation system with general cognition, it maintains exible modular components, ensuring the
unity of overall cognition and the specialization of local cognition. This enables cognitive navigation to adapt to
more open navigation scenarios, a broader range of navigation t&s, and a greater variety of navigation carriers.
Research on modular brain networks 110 111] and modern neural network architectures L12] has identi ed these
structural traits, demonstrating how interactions among components shape the system's cognitive functions1[13.
The schematic diagram of the cognitive navigation structure is show in Figure 5.

4 Technologies related to cognitive navigation

This section will provide an overview of the cognitive core, cognitive grception, cognitive decision, and cognitive
execution mentioned in Section3. The content will summarize the current state of research, coveng everything

from classical methods to modern methods based on foundation ndels that are closely integrated with cognition.

These discussions aim to lay a solid foundation for further enhancingognitive capabilities. An overview of related
technologies is shown in Figures.

4.1 Cognitive core

The cognitive core, as the cognitive center providing navigational gstems with cognitive abilities, must be designed
and implemented with reference to human cognitive research and th development of arti cial intelligence. From
the cognitively engineered architectures of the past to the emergnce of foundation models that endow systems
with cognitive capabilities, the cognitive core capable of empowering avigation systems with cognitive abilities is
coming to the forefront. Below are some of the latest developmestrelated to the cognitive core technologies.
Alongside the development of cognitive science, researchers halsegun to explore how human cognitive abilities
can be realized in computational systems through mathematical mdeling, computer simulations, and other means,
thereby forming arti cial cognitive systems. The primary early for m of implementing cognitive abilities was the
design of cognitive architectures. These architectures were ing@d by various disciplines, ranging from psycho-
logical analysis to neuroscience. They aimed to simulate human coreognitive abilities and explore the utility
of these abilities in practical applications, such as intelligent transpatation [ 114], environmental monitoring [115,
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Figure 6 Overview of cognitive navigation-related technologies.

healthcare [L16], and intelligent manufacturing [117]. Cognitive architectures are generally classi ed into three main
categories 118 119.

Symbolic architectures  use logical rules and explicit knowledge representations, emphasizirsemantic clarity
and interpretability. Symbolic architectures excel at planning and reasoning tasks but tend to struggle with noise
tolerance and generalization.

Connectionist architectures model cognitive processes using neural networks, o ering strampattern recog-
nition capabilities. The methods based on deep learning belong to thisategory. However, these methods lack
transparency in their internal mechanisms and do not provide explidt structural representations.

Neuro-symbolic architectures combine the strengths of both symbolic and connectionist approdees; hybrid
architectures use neural networks for perception modeling andysnbolic logic for high-level reasoning. This approach
is becoming a prominent research focus, though its implementation isomplex and still rapidly evolving.

The most important recent development in arti cial cognition is the p roposal and application of foundation
models, which have broken traditional views of connectionist capattities and sparked new expectations for their
future potential. The term \Foundation Models" was coined by Stanford University [ 12Q, referring to \any model
trained on vast data that can adapt to a wide range of downstreamtasks." These models are typically pre-trained
on large-scale datasets to learn rich features and knowledge regsentations, which can then be ne-tuned for speci ¢
downstream tasks. If foundation models are classi ed accordingd cognitive architecture methods, they should also
belong to the connectionist architecture. However, due to their aitstanding cognitive abilities highlighted under the
data-driven paradigm, they are discussed separately from tradibnal connectionist architectures. Its representative
advancements can be categorized into three types.

Language models : Models such as BERT [121] and GPT-3/4 [100,101] excel in language understanding,
generation, and knowledge-based question answering, demonating human-like semantic reasoning and language
memory capabilities.

Vision models : Models like SAM [122, 123 and DINO [124] possess capabilities in image understanding and
instance segmentation, enabling the extraction of structured cgnitive elements from visual data.

Multimodal models : Models such as CLIP 02 and Flamingo [125 integrate learning across multiple
modalities|such as images, text, and audio|achieving a uni ed under standing of perception and language.
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Table 1 Comparison of cognitive core approaches.

Category Advantages Limitations
. . Strong interpretability; Suitable for de ned function;
Symbolic architecture 9 preta v ’ - ’
strong logic symbolic logic needs to be manually de ned
Suitable for certain functions;
Connectionist architectures Strong pattern recognition a bility weak logical structure;
poor interpretability
. . Adaptable and logical; Suitable for certain functions;
Neuro-symbolic architecture : . .
exible structure complex implementation

Poor interpretability;
weak causal modeling capabilities;
require extensive data and training

Strong function generalization;

Foundation models ) .
rich knowledge representation

These foundation models accumulate a vast amount of conceptudnowledge through self-supervised learning
during the pretraining process, thereby acquiring capabilities suchas perception, memory, reasoning, and learning.
Among them, multimodal models exhibit more comprehensive cognitiveabilities [126,127]. They can simultaneously
process and understand multiple types of data, similar to human abilites to integrate sensory information in complex
environments. Moreover, these models require processes such atention and context understanding [128], which
are complex cognitive tasks analogous to human cognition when pr@ssing cross-modal information. Compared to
traditional cognitive architectures, foundation models o er signi cant advantages in task adaptability, expressive
power, and the breadth of cognitive simulation, but still face challerges in interpretability, behavioral consistency,
and structural controllability.

Table 1 summarizes the main features and comparisons of the two cognitiveore construction approaches.

Overall, cognitive architectures emphasize interpretable modeling bcognitive processes, making them well-suited
for cognitive theory research and structured task control. In ®ntrast, foundation models represent a data-driven
engineering paradigm for implementing cognitive functions, o ering kroader task adaptability and performance
potential. Future development of e cient cognitive cores may require integrating the strengths of both approaches
to achieve strong generalization capabilities while retaining logical stucture and controllability.

4.2 Cognitive perception

4.2.1 Environment perception

Navigation systems, in order to achieve environmental represetion and understanding, typically rely on internal
or externally mounted sensors to collect multi-modal data and extact valuable information. The main forms of
representation currently are metric representation, semantic epresentation, and topological representation.

Metric representation focuses on using multi-modal sensor information for precise enviromental mapping.
This can be represented in two types: explicit representation and irplicit representation. Explicit metric repre-
sentation uses explicit geometric structures to represent the arironment, such as grid [L29, point cloud [130,131],
mesh [L37], voxel [133 134 or 3D Gaussian 135 136], as well as vector maps 137,138 and OSM maps [L39, 140,
commonly used in autonomous driving. Implicit metric representation uses continuous functions to describe the
environment. These functions may be manually designed or learnechtough neural networks, such as SDFJ41,147
series, NERF [L43 144]. The core equations of the metric representation methods are snmarized in Table 2.

Semantic representation s typically built on top of metric representation and uses methods likesemantic
segmentation fL27) to extract instance objects from the environment and assign coesponding labels or textual
descriptions. This form of representation adds deeper semantic formation to the environment, thereby enhancing
scene understanding 145 146|.

Topological representation is a further abstraction of the environment. It uses nodes to repesent key
objects or spatial regions in the environment, with edges conneatg the nodes. The meaning of these edges can
represent relationships like proximity or connectivity. Ultimately, th e environment is represented as a topological
map, which helps capture the global structure and relationships wihin the environment [147,148. In topological
representation, the environment is represented as an undirectegraph G as follows:

G=fV;Eg 1)

whereV is the set of navigable nodes, andE is the set of connecting edges.

The current research focus is on combining di erent representabn methods to achieve comprehensive acquisi-
tion and processing of environmental information. For instance, ® scene graphs 149 151] or 3D dynamic scene
graphs [L52, 153 express the shapes, positions, and semantic attributes of obges in three-dimensional space, en-
abling the description of complex interactions in the real world. This goproach shifts scene understanding from



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:15

Table 2 Core equations of the metric representation methods.

Method Core equation
Mygia =fgj ji=1; Nx;j=1; ;Nyg,
Grid where gj is the occupancy status of the cell in the i-th row and j-th column of the grid,
and Ny, Ny are the number of rows and columns of the grid respectively.
Point Cloud M point cloud = fpk =(Xk;Yk:zk) j k=1, N g,

where N is the number of points in the point cloud.
M mesh = fV ;Fg,
V= fvi=(xiyyiszi)ji=1;  Nyg F = ffj =(vjaivjaivijsjj =1;  ;N¢)g,

Mesh where V is the set of vertices, F is the set of meshes,
N, is the number of vertices, and Nt is the number of meshes.
M voxer = fvik ji=1; iNx; j =1, Ny k=1, iNzg,
Voxel where v is the occupancy status of the voxel in the i-th row, j-th columnand k-th layer,
and Ny, Ny and N are the dimensions of the voxel map along the X,y and z axes, respectively.
M 3p Gaussian = TN (xi; 7 i)ji=1; iNg, |
here N (xi; i; i)= ! ! Tt is th
3D Gaussian where N (xi; i; )= WEXP E(XI i) (X i) isthe
probability distribution of 3D Gaussian points in space,
and N is the number of 3D Gaussian points.
SDF(p) = d(p; @),
SDF where p = ( x;y;z ) is a point in the space, @ is the boundary of the object's surface,
and d(p; @) is the shortest distance from point p to the object's surface @.
The volume rendering equation is de ned as follows:
X
C(r)= Ti(@ exp( i) ci,
i=1 0 1
NERF X1
where T; =exp @ i jA is the cumulative transmittance of the i-th sampling point,
i=1
i is the volume density of the  i-th sampling point, c; is the color of the i-th sampling point,

and ; is the spacing between discrete sampling points.

simple object recognition to inferring relationships and interactionsbetween objects, thus excelling in applications
such as task planning 154, scene understanding Q&A 155, and complete navigation [L56. Through these inte-
grated environmental representation methods, navigation sysgms can achieve more accurate and comprehensive
understanding and adaptation to the environment.

Due to the inherent advantages of foundation models in understading and reasoning, more and more work is
integrating them with scene representation tasks to enrich scen@nderstanding. Some studies embed 2D feature
representations generated by visual-language models into the b&sunits of scene representation, forming dense
scene annotations. These include explicit grid mapsi57], point cloud maps [158 160, and implicit neural repre-
sentations [161{ 164]. Other studies, inspired by 3D scene graphs, link 2D features fronvisual-language models to
object instances in the scene, thus improving the e ciency and sctability of scene representation while retaining
the foundation model's understanding and reasoning capabilities165167]. These studies consider the zero-shot
learning capabilities of visual-language models on an open vocabulanes[168), enhancing the generalization and
applicability of scene representations. Additionally, some researchirectly connects large language models to higher-
level scene representations, such as text-based OSM mads6f and topological maps in VLN tasks [L70], thereby
expanding the application scope of foundation models in scene rementation tasks.

4.2.2 Self-state perception

While navigation systems perform scene representation, they alsneed to estimate their own pose or velocity. The
SLAM (simultaneous localization and mapping) task e ectively combines both of these requirements. The SLAM
problem can be represented as a posterior probability estimation pyblem for poses and maps as follows:

zZzZ Z

P(Xt;Mj Zig;Ugy) = P(X1:; M| Zrg;ugg)dXadxs  dxe 4; )

where x; is the pose at timet, M is the map which represents the environmentx 1.1 is the poses at all times,z1
is the observations at all times, anduj.; is the control inputs at all times.

The development of SLAM systems can be systematically analyzed dm three dimensions: sensing modalities,
fusion strategies, and inference mechanisms.

In terms of sensing modalities, early SLAM systems were based on gjie sensors, such as LIDAR SLAMI71{173
and visual SLAM [17417€], which performed state estimation through geometric feature ekaction and matching.
These methods have a clear structure and relatively high accuragyut tend to fail in complex environments with
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textureless areas, lighting changes, and dynamic occlusions. To Bance robustness, multi-modal SLAM techniques
have emerged. By fusing heterogeneous sensor datalincluding LiAR, cameras, and inertial measurement units
(IMUs)|the system can achieve complementarity across dierent modalities, thereby improving the navigation
system's adaptability to environmental changes.

Regarding multi-modal fusion strategies, there are two main types loose coupling and tight coupling. Loose
coupling strategies [L77,178 independently preprocess each sensor's data and then fuse thesults. This approach
is highly modular, simple to implement, and facilitates debugging and mairenance; however, the limited interaction
between sensing modalities results in underutilization of information. Tight coupling strategies [179{181], on the
other hand, perform joint modeling and optimization at the raw data level, achieving higher accuracy and robust-
ness, especially suitable for complex and dynamic navigation environemts [182 183. Nevertheless, this approach
demands higher sensor calibration and synchronization precision ahincurs greater computational overhead.

Most of the above methods rely heavily on strict geometric calculatio, whereas deep learning introduces new
research perspectives. Researchers have attempted to useuna@ networks to enhance modules such as feature
extraction [184, 185 and loop closure detection 186, 187. Subsequently, end-to-end learning-based SLAM sys-
tems [188 191 have been developed to achieve a complete mapping from sensorgtd to state estimation. These
methods reduce dependence on handcrafted features and denstrate stronger adaptability in complex scenarios.
However, their training processes require large and diverse datats, and their generalization capabilities remain
limited.

In recent years, the rise of foundation models has introduced stmger semantic perception and cross-modal
representation capabilities into SLAM systems. In tasks such as visal localization [192 193 and scene recogni-
tion [194{196], researchers have leveraged the general representation paved foundation models to enhance system
robustness under varying lighting conditions, viewpoint di erences and other challenges. For example, Ref1[94 em-
ployed unsupervised feature aggregation to achieve cross-doimaecognition across diverse environments|including
urban, indoor, underground, and underwater scenes|demonstrating the broad adaptability of foundation model
features. Furthermore, some studies have embedded foundatiomodels into speci ¢ tasks, such as constructing
SLAM graph node descriptors [L97] or directly applying them for navigation and localization [19§. Although foun-
dation models exhibit great potential in generalization and semantic &traction, their application in SLAM still
faces multiple challenges, including large model size, slow inferenceesa, insu cient interpretability, and a lack of
deep integration with graph optimization structures.

4.3 Cognitive decision

Cognitive decision integrates the output of cognitive perception am existing navigation knowledge to generate
actionable behavior sequences for completing navigation tasks. Uike traditional navigation decision, cognitive
decision emphasizes continuous adaptation and learning of the de@®-making demands in a scene through ongoing
practice and feedback, thereby continuously improving the quality of decisions. Current technologies related to
cognitive decision-making can be categorized into rule-based se&rmethods, reinforcement learning-based methods,
and foundation model-based methods.

The rule-based methods rely on a prede ned set of action sequeas and rule systems. These rules and actions
are carefully encoded into a knowledge base, which includes domaipeci c concepts, states, actions, potential
outcomes, as well as their interrelationships and constraints. Thee elements together form the foundation for logical
reasoning and task planning. In symbolic reasoning-based task plamiing methods, such as decision treesl 99, 200,
expert systems P01] and fuzzy cognitive maps (FCM) [202], information is extracted and integrated from the
knowledge base. Various action plans are evaluated based on preded logical conditions, ultimately leading to
the formulation of a series of action instructions. These methods i@ suitable for task environments with strong
structure and stable rules, such as industrial automation and praess control. However, their reliance on knowledge
modeling also leads to poor exibility, high maintenance costs, and diculty in adapting to changes in open
environments.

Reinforcement learning-based methods emphasize autonomous Iy learning through interaction with the en-
vironment. Compared to symbolic reasoning, their advantage lies in ot relying on handcrafted rules, enabling
the optimization of optimal decisions in dynamic environments through trial and error [ 203, 204]. Recent studies
have improved policy generalization and long-horizon planning capabilies by introducing symbolic action abstrac-
tion [205,20€]. Additionally, some research explores online learning mechanism8,R207,208 to enhance adaptability
to partial observability and incomplete knowledge in real-world scenaios. However, reinforcement learning still
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Table 3 Core equations of the classical motion planning methods.

Method Core equation
The relaxation is de ned as follows:
d(v) =min( d(v);d(u)+ w(u;v)),
where d(n) is the known shortest distance from the start node to node n,
and w(u;Vv) is the edge weight from node u to node v.
The cost function is de ned as follows:
f(n)= g(n)+ h(n),
where g(n) is the actual cost from the start node to node n,
representing the known shortest path,
and h(n) is the heuristic estimated cost from node n to the goal node,
representing the estimated shortest path.
The tree expansion method is de ned as follows:
Qrand Onear

Dijkstra's algorithm

A* algorithm

Onew = Onew ¥+ )
RRT algorithm - Kland  Gnear K o .
where Qrang is the randomly sampled point in the con guration space C,

Onear IS the node in the current tree T that is closest t0  Qrand
and s the step size, i.e., the maximum distance for expansion.

faces challenges in convergence speed, sample e ciency, and inpeetability.

X X
v (s)= (ajs) p(srijs;afr+ v (s9]; s2S; (3)

a sOr

where a is taken from the action setA(s), the next state s®is taken from the state setS, and the rewardr is taken
from the reward setR.

Foundation models, owing to their outstanding performance in conextual understanding and long-term reasoning,
have naturally begun to integrate with task planning [209[212]. These models, trained on large-scale datasets, have
mastered extensive human common sense and robust language wmndtanding skills. Furthermore, methods such
as ICL [213], CoT [214,21Y5, and ReAct [216,217] further enhance the reasoning and generalization capabilities of
foundation models. This enables the models to respond to user de@s instructions without relying on symbolic
knowledge bases, even when these instructions are not always pigely described218219. Additionally, foundation
models can now process multi-modal inputs, providing exibility that a llows users to interact with the system in a
more natural and intuitive manner, signi cantly improving the user- friendliness of task planning p20.

In summary, rule-based methods emphasize structural controllkility and logical rigor, reinforcement learning-
based methods focus on adaptability and policy optimization, while foundation model-based methods demonstrate
strengths in generality and semantic understanding. These methds are not mutually exclusive but constitute a
complementary and coexisting spectrum of cognitive decision-makip technologies that are likely to evolve collab-
oratively through integration in the future.

4.4 Cognitive execution

4.4.1 Motion planning

Motion planning in navigation focuses on path planning for the navigaion system. After receiving a target point
from task planning, it aims to nd a safe, collision-free path from the start point to the endpoint within a speci ed
area, minimizing time or distance costs.

Traditional motion planning methods primarily rely on environmental m ap modeling and path search, o er-
ing strong interpretability and structural controllability. These me thods can be further categorized into graph
search-based, sampling-based, and optimization-based apprdaes. Graph search methodsZ21{ 223 are suitable
for structured grid maps, emphasizing shortest paths and feasie action sequences; they achieve high computa-
tional e ciency but often face bottlenecks in high-dimensional or dynamic environments. Sampling-based meth-
ods 24226 are well-suited for high-dimensional continuous spaces, enablingapid exploration of feasible path
spaces; however, path quality depends heavily on the sampling sttagy. Optimization-based methods P27 229
convert the planning problem into a constrained optimization problem, excelling in path smoothness and dynamic
consistency but exhibiting higher computational complexity and sersitivity to initial conditions. The core equations
of the classical motion planning methods are shown in Table.

With the development of data-driven paradigms, learning-based bkavior planning methods have gradually gained
attention. Reinforcement learning methods optimize long-term reurn objectives through interactive training with
the environment, making them well-suited for unstructured or highly dynamic environments even under partially
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Table 4 Core equations of the classical motion control methods.

Method - Core equation
“t de(t)
u(t) = Kpe(t)+ Kj e( )d + Ky a
where e(t) = r(t) yc(Jt) represents the di erence between the desired value and the actual value,
Kp is proportional gain, K is integral gain, and K is derivative gain.
The feedback gain matrix is calculated as follows:

PID control

LQR control ATP+PA PBR 'B'P+0Q=0 K=R 'BTP.
The cost function is de ned as follows:
X . o1 .
MPC control J= (Xksi Xref;kei) Q(Xksi Xref;kwi) UpsiRU ke iy

i=1 i=0
where Xref: k +i IS the reference state at step  k + i, Q is the state weight matrix,
and R is the control input weight matrix.

observable states 23(0]. Policy-based reinforcement learning methods 231, 232 further support modeling in con-
tinuous action spaces, enhancing planning precision. End-to-endpproaches map raw perceptual data directly to
behavior outputs via neural networks 233 237]. For example, UniAD [40] integrates multiple key tasks|perception,
prediction, and planning|into a uni ed network structure and adop ts a new paradigm of multi-task joint learning,
e ectively improving path planning capabilities. These methods redue the need for intermediate module design
but lack interpretability and face challenges such as weak generalizemn and high sample demands.

Foundation models have provided a new technical pathway for motio planning. Some studies 238 240 focused
on the VLN task, which simpli es navigation into a discrete action space problem on a topological map whose
nodes correspond to egocentric images at di erent locations. Beynd this, several studies attempt to address
navigation in continuous action spaces using foundation models. S#av [241]] further expands the application
of foundation models in continuous action spaces by dynamically gemating step-by-step navigation instructions
through a language model and invoking low-level policies for executig enabling navigation in large-scale, unknown
real-world environments. PixelNav [242] de nes navigation goals as pixel points, achieving generalized pathlanning
based on RGB input. LM-Nav [243 integrates language and visual embeddings, utilizing a visual navigéon
model [237] to predict path points on an image-based topological space. Addibnally, some studies p44{246|
attempt to use foundation models for regional inference of targelocations, guiding navigation systems to prioritize
exploration of key areas.

In summary, within the eld of behavior planning, traditional method s hold advantages in determinism and
controllability, while learning-based approaches demonstrate strag adaptability and generalization capabilities in
complex environments. The introduction of foundation models has dirther expanded the expressive power and
perceptual integration of behavior planning, particularly in natural language understanding, multimodal reason-
ing, and interaction within open environments. It is noteworthy that learning-based and foundation model-based
methods have shifted the traditional behavior planning paradigm|c entered on global path optimization|toward
a new mode emphasizing \local perception-driven responses ovelopal path design." This shift enables navigation
systems to respond more exibly to real-time changes and complexesnantic demands, exhibiting more cognitively
characteristic dynamic behaviors. Nonetheless, further reseah is required to address challenges related to path
safety assurance, modeling of action feasibility constraints, andeal-time performance.

4.4.2 Motion control

Motion control in navigation focuses on ensuring that the navigation system can accurately track the generated
paths. Its output directly interfaces with the actuators to inter act with the environment, thereby producing move-
ment actions.

Traditional motion control primarily relies on dynamic models and control theory. Among these, the PID con-
troller [ 247] is widely used in industrial and mobile robotic systems due to its easefoamplementation and strong ro-
bustness. For linear or approximately linear systems, the linear qudratic regulator (LQR) and its variants [ 248 249
can optimize performance metrics under constraints. Model preittive control (MPC) [ 250{257], by incorporating
dynamic prediction of future states and online optimization, demongrates higher accuracy and exibility in nonlin-
ear systems and complex scenarios. However, these methods grally depend heavily on system dynamic models,
exhibit limited adaptability to environmental changes, and struggle to handle incomplete perception or modeling
uncertainties. The core equations of the classical motion contromethods are shown in Table4.

In deep learning-based motion control, IL generates behavior polies by learning from expert demonstrations,
making it suitable for scenarios with well-de ned rules and abundant cemonstrations. Behavior cloning (BC),
as a fundamental form of IL, directly uses state-action pairs as gpervised learning samples and has been widely
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Table 5 Core equations of the classical motion control methods.

Method Core equation
The maximum ;gg—likelihood model is de ned as follows:
A = argmax In (aijsi),
Behavior cloning E
where E s the expert policy, which includes state-action pair ( St;at), Si is the state,
a; is the action executed by the expert policy in state si, and is the agent policy.
The gradient is calculated as follows:
_ 1 X dr X odr
L= o g (9 . P(si )55

42D
where D is the expert demonstrations, 4 Is the trajectory within the expert demonstrations,
p(sj ) is the probability of state s at current parameters,

and r (st;at) is the reward function at current parameters.

The goal function is de ned as follows:

Maximum entropy IRL

e ( E)= sup E [log(D(s;a)l+ E e [log(1 D(s;a))l
D2(©0;1)S A
where and g is the state-action distributions of the learned policy and the expert policy,
GAIL respectively, D (s;a) is the discriminator function, E [log(D (s;a))] is the expected log probability that
samples generated by the learned policy are classi ed as exp ert samples by the discriminator,
E e [log(1 D(s;a))]is the expected log probability that samples generated b y the expert policy

are classi ed as non-expert samples by the discriminator.

applied in tasks such as autonomous driving 453255 and robotic motion control [256,257]. However, BC is
highly sensitive to the quality and coverage of demonstrations, stnggling to handle situations beyond the training
distribution. Inverse reinforcement learning (IRL) [ 258264 infers the expert's underlying reward function to guide
policy learning, o ering better task adaptability, but faces high com putational costs and low learning e ciency in
complex environments. Generative adversarial imitation learning (GAIL) [ 265{ 268 integrates adversarial training
mechanisms of generative and discriminative models, enhancing poli@xpressiveness and generalization capabilities,
yet it demands higher diversity in training data and greater training stability. The core equations of the motion
control methods based on imitation learning are shown in Table5.

Reinforcement learning methods model behavior control as a rewd-optimized sequential decision problem, em-
phasizing the achievement of long-term goals and feedback regulah through interaction with the environment.
Model-free methods optimize policies directly through experience gapling without relying on environmental mod-
els, achieving good performance in tasks such as legged robo®69 270, autonomous vehicles 271{273, and
drones R74 275. However, their low sample e ciency and long training times limit deploym ent in real-world
systems. In contrast, model-based methods2[76{ 278 construct dynamic probabilistic models of the environment
using interaction data and leverage model-based predictions to immve learning e ciency, making them suitable
for tasks with high interaction costs or scarce data. Nonethelesshigh computational costs and limited asymptotic
performance remain key constraints on their practical e ectiveress. To address this, hybrid strategies combining
the advantages of both approaches have been proposed. Amotigem, model-based value expansion (MVE) 279
uses short-term model predictions to expand target values in moel-based methods, enhancing data e ciency, then
updates model-free methods with these expansions to avoid longtm inaccurate predictions. Model-based policy
optimization (MBPO) [ 280 further introduces model ensemble mechanisms to estimate préction uncertainty, ef-
fectively mitigating errors from inaccurate model predictions. These hybrid strategies improve learning e ciency
while enhancing adaptability to environmental changes, promoting hie practical application of RL in real systems.

The foundation models further expand the cognitive boundaries ofmotion control. Recent studies have shown
that vision-language models and large language models not only handtbe understanding of complex instructions
but can also directly generate low-level control commands to driveactuators to perform complex operations in
physical environments. For example, Ref. 281] proposed directly using pretrained language models to generate
control commands from natural language prompts, enabling zerduning gait generation for quadruped robots;
Ref. [287 utilized foundation models to reason about physical motion principles, learning locomotion postures in
low Reynolds number spaces for micro-swimmer283 284]; Ref. [285 adaptively integrated model outputs into
controllers by guiding parameter matrices, achieving fusion of stretured feedback and model output. In P86,
foundation models were even employed to address problems in tradiinal undergraduate control systems, revealing
their capabilities and limits in control logic modeling and problem formulation understanding. These studies signify
a shift in behavior control from explicit model-based feedback mechnisms toward cognitive control mechanisms
that integrate linguistic knowledge and perceptual understanding Although current e orts have yet to replace
high-precision model predictive controllers, their exibility, generality, and knowledge injection capabilities open
new possibilities for behavior control in navigation systems.
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Figure 7 The development path of \ability-interpretability-gener alizability-evolvability" in cognitive navigation. Base d on methods that have
not yet reached the \generalizability" state, and empowere d by the cognitive core that implements the \ability-interp retability-generalizability-
evolvability" evolution mechanism, cognitive perception , cognitive decision, and cognitive execution will similar ly re ect the four core cognitive

states.

5 FRuture trends

From the detailed discussion of cognitive navigation-related techntmgies in Section4, it is evident that current
research in cognitive navigation, supported by foundation modelshas initially demonstrated logical understanding
capabilities. This capability signi es that navigation systems have achieved the \interpretability" cognitive state.
Based on this foundation, researchers are actively enhancing thgeneralization performance of navigation systems
across di erent scenarios, tasks, and carriers, i.e., exploring anceaching the \generalizability" cognitive state. This
section will synthesize the relevant technologies of cognitive navigeon and propose future paradigms that support
the cognitive core in achieving the four core cognitive states: \ability", \interpretability”, \generalizability", and
\evolvability". Additionally, this review posits that cognitive percept ion, cognitive decision, and cognitive execution,
when empowered by the cognitive core, will likewise exhibit the four coe cognitive states, thereby forming new
functional paradigms, as shown in Figure7. The specic content of these paradigms will be elaborated in this
section. Furthermore, this section will explore the application progpects of cognitive navigation, aiming to provide
valuable references for future practices.

5.1 Cognitive core encompassing \ability-interpretabili ty-generalizability-evolvability"

Although current foundation models demonstrate powerful capdilities in language understanding, image generation,
and video synthesis tasks, the widespread occurrence of hallucitians has raised serious concerns about their
cognitive reliability. Researchers classify hallucinations into factualand delity types [ 287: the former refers to
content inconsistent with objective facts, while the latter re ects a lack of internal coherence in the generated
content. This problem is especially prominent in video generation|for example, models like SoraZ88 can produce
high-quality video content but often generate segments that violae physical laws or common sense, highlighting the
signi cant shortcomings of current foundation models in construding a \world model" with physical consistency
and social plausibility. In contrast, human cognitive systems are nb based solely on pattern matching but rely on
deep abstract models of the physical and social world, possessiagilities to predict, understand, explain, and adapt
to the environment. Most current foundation models rely on largescale statistical correlation learning, making it
di cult to build cognitive structures that are causal, systematic, a nd interpretable. This gap represents a critical
divide that cognitive core design aims to bridge.
To bridge this gap, we propose the cognitive core encompassing \dhy-interpretability-generalizability-
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evolvability”, aiming to construct a cognitive architecture with layer ed evolution and self-improvement capabili-
ties, inspired by cognitive theory and neuroscience.

The \Ability" stage focuses on the system's capability to construct information. The cognitive core rst acquires
raw perceptual inputs through multimodal data collection (such asvisual images, language instructions, and depth
point clouds). Using commonsense primitives389 and an open-vocabulary understanding moduledo(, it seman-
tically parses objects, attributes, and actions within the scene. B integrating a 3D scene fusion, language and
visual cues are uni ed and mapped into a spatial semantic represeation [291], thereby establishing a structured
knowledge base. This stage also incorporates an instant query arréasoning engine to enable rapid responses based
on the current environmental state and task requirements 292].

The \Interpretability" stage requires the cognitive core to possess the ability for structured comprehension and
reasoning of complex tasks. The cognitive core can identify key intactive structures within the task environment
through part-level segmentation 293, and utilize a commonsense injection module to complete the contexof the
current scene P94, thereby achieving structured semantic annotation of the task evironment. On this basis, the
cognitive core can infer the semantic relationships between the intactive structures and the task by integrating the
system's interactions with the environment during task execution R95, thus comprehending the task's execution
logic.

The \Generalizability" stage requires the cognitive core to possesshe ability for knowledge abstraction, inte-
gration, and cross-domain generalization. Through open-scenenalysis and world model construction R96], the
cognitive core can unify environmental representations and caued structures across di erent modalities. Leverag-
ing multi-level knowledge summarization and general model training,it transforms experiences into transferable
strategic capabilities [297]. This self-understanding and regulatory ability enable the system ot only to integrate
knowledge but also to identify cognitive blind spots P98, providing a feedback loop for continuous learning and
adaptation to complex tasks.

The \Evolvability" stage, as the driving mechanism of cognitive iterat ion, needs to permeate the entire cognitive
core, supporting its ability to handle long-term task instructions and dynamic environmental changes. The cognitive
core can continuously adjust existing model structures throughcross-domain model transfer 299 and dynamic
incremental learning methods B0Q. Additionally, to enhance the learning e ciency of the cognitive core, few-shot
behavior learning [301] and uni ed action space alignment mechanisms 3027 can be introduced to improve policy
transfer e ciency and realize real-time evolution of the cognitive architecture.

In summary, the \ability-interpretability-generalizability-evolvabilit y" framework is not only an abstract descrip-
tion of the hierarchical evolution of human cognitive abilities but also a cognitive architecture paradigm aimed at
system implementation. This paradigm begins with the structured fusion of multimodal data and progressively
incorporates reasoning capabilities, knowledge integration, and aginual learning, forming a cognitive core for nav-
igation systems endowed with world modeling, self-evolution, and casal understanding abilities. Its schematic
diagram is shown in Figure8.

5.2 Cognitive perception fusing navigation cues and ontolo gical states

From the above review, we can see that the perception tasks of négyation systems need to be built on a uni ed
scene representation. The form of scene representation, theareount of information it contains, and its scalability
are key factors in determining the performance of subsequent négation tasks. In the development of navigation
systems, we face a core challenge: how to achieve continuous artdtde navigation perception in complex, dynamic,
and open environments. Current research on navigation percemn has made signi cant progress in terms of
accuracy, richness, and intelligence of scene representation. tever, when dealing with complex dynamic open
navigation scenarios, especially providing perceptual informationdr navigation systems with superior mobility, the
limitations of these methods become apparent, sometimes even réaring navigation tasks unfeasible 183 303 304].
In contrast, humans exibly switch navigation goals or bases during navigation by integrating cognitive processes
and constructing and accumulating spatial knowledge into cognitivemaps [L1], which is generally lacking in current
navigation methods [305. Therefore, cognitive navigation needs to integrate a cognitive ce to form a perception
paradigm based on navigation cues. This paradigm can actively capte perceptual information meaningful for
navigation within scenes and exibly switch navigation representation cues, reducing dependence on stable scene
features, thereby enhancing the adaptability, generalization, an stability of the navigation system. Its schematic
diagram is shown in Figure9.

The paradigm of cognitive perception based on navigation cues foses on the deep integration of perception
and cognitive processes. By synthesizing or switching metric cuesemantic cues, topological cues, and behavioral
cues, cognitive perception can select and execute the most suitkbperception strategy according to scene charac-
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Figure 8 Schematic diagram of cognitive core. On the left, connectio nism demonstrates its advantages in distributed represent ation and
learning under multi-modal drives through a neural network structure; on the right, symbolism illustrates its rule mod eling and deductive
reasoning capabilities via a logic diagram. The cognitive ¢ ore proposed in this paper lies at the intersection of the two , integrating the multi-modal
general learning of foundation models with the reasoning in terpretability of symbolism to achieve deep representatio n, strong generalization,
and zero-shot reasoning, thereby enabling navigation syst ems to perform high-level environment understanding and in terpretation based on
multi-modal observations and rst principles.
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Figure 9 Schematic diagram of cognitive perception. External perce ption integrates metric, semantic, topological, and behav ioral cues,
and actively selects or switches to the optimal perception s trategy based on scene characteristics to achieve high adap tability to dynamic,
open environments; internal perception integrates multip le channels such as inertial, proprioceptive, tactile, pos ture, and a ordance to provide
cognitive representations of self-state. They jointly sup port the stability of perception in cognitive navigation.

teristics [306,307]. For example, in feature-rich scenes, cognitive perception will costruct a scene representation
that integrates multiple navigation cues; in feature-scarce scerg cognitive perception will analyze and extract
navigation-friendly cues and integrate them into existing scene repesentations. Its schematic diagram is shown in
Figure 9.

Furthermore, cognitive perception, under the support of the canitive core, needs to adjust the behavior patterns
of cognitive navigation in real-time according to current or predicted future navigation needs and scene change3(Q§
310. This allows for proactive exploration and collection of navigation cues within the scene. Such an active
perception and exploration mechanism, combined with cognition, enkles cognitive navigation to better adapt to
dynamic changes in the scene, enhance cognitive interaction beter the navigation system and the environment,
and thus improve the exibility and stability of navigation.

In addition to modeling and extracting external environmental navigation cues, cognitive perception also requires
e ective integration of internal sensory information. Internal p erception encompasses multiple sensory channels,
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such as inertial measurement311], tactile [312], posture [313, proprioception [314], a ordances [315, as well as
structural and driving mechanisms [316]. These perceptual capabilities play two key roles in cognitive navigabn
systems: rst, they provide information unavailable from environmental perception in dynamic and unpredictable
settings|for example, maintaining continuous state estimation and trajectory tracking through inertial and proprio-
ceptive sensing when features are sparse or external cues arteimupted; second, they o er a cognitive representation
of the system's own functional state, enabling the cognitive decisio-making and behavior modules to assess whether
the system currently possesses the capability to execute speciactions, thereby driving the navigation system to
restructure strategies, adjust motions, or transfer tasks.

For example, in navigation tasks involving high-frequency interactions with the environment, such as navigation
at steep mountainous terrain, relying on tactile and a ordance information enables the system to perceive which
actions are feasible under the current structural and posturalconstraints; meanwhile, in scenarios requiring complex
action combinations, posture and structural perception assist he behavior module in generating optimal action
sequences. Furthermore, the semantic modeling of internal peeption is an important direction for enhancing
the system's cognitive abilities|abstracting low-level sensory signals into interpretable, high-level descriptions of
bodily states helps the cognitive system uniformly process self-sta and environmental state, thereby completing
the perceptual-reasoning mapping loop317. Therefore, internal perception not only complements the infornation
gaps in environmental perception under uncertain scenarios but lao constitutes the core support for achieving
stability, adaptability, and embodied reasoning capabilities in cognitive navigation systems.

5.3 Cognitive decision for instantaneous and safe task plan ning

Research on navigation decision in navigation systems faces a serief challenges, particularly in terms of long-
term reasoning performance for task planning and the generalizadn and stability in open real-world environments.
Additionally, even though foundation models demonstrate impressie decision-making e ectiveness and quality, real-
time performance remains a critical issue that cannot be overlookt® How to maintain long-term stable decision-
making quality while ensuring the system can respond in real-time to a lage amount of uncertainty is a key problem
that cognitive navigation aims to address.

In human cognition, there exists a dual-system thinking involving both intuition and reasoning [318§. Intuition is
a fast and automated reasoning process, while reasoning is comgively slower and relies on conscious judgment.
The organic combination of these two modes of thinking enables hume to achieve complex decision-making.
Corresponding to the human cognitive process, cognitive navigatio needs to integrate a cognitive core to form a
cognitive decision paradigm that emphasizes real-time inference andontinuous learning. This paradigm stresses
the importance of real-time environmental interaction and continuous learning, allowing navigation decisions to
constantly update knowledge and re ect on evolving decision straggies. When faced with complex and dynamic
real-world scenarios, navigation decisions can leverage continudyoptimized decision strategies for rapid inference,
achieving the synergy between intuition and reasoning, as shown inhie center of Figure10.

The peripheral area of Figure 10 represents the four main characteristics of cognitive decision. dime and
feedback learning 819 321]: Cognitive decision-making can continuously receive new data duringnteractions with
the environment and immediately expand its knowledge base. It canlso utilize feedback mechanisms to learn from
each decision outcome, thereby optimizing the decision model. This leaing process includes not only ne-tuning
of navigation decision strategies but also deep adjustments to thelecision model structure to adapt to constantly
changing task environments. Multi-task learning capability [322 323: Cognitive decision-making enables handling
a variety of tasks by sharing relevant knowledge across tasks, tis improving learning e ciency and decision
quality. This capability allows the system to e ectively manage diverse tasks while leveraging shared knowledge
to enhance performance. Metacognition 324, 325: Cognitive decision-making can monitor, evaluate, and adjust
its own learning and decision-making processes. This self-re ectioand self-regulation ability is a key feature of
advanced cognitive functions, enabling the system to recognize ahadapt to changes in task demands, optimize
decision paths, and exhibit exibility and robustness when facing unertainty and complexity. Human-machine
collaboration integration [326,327]: Cognitive decision-making must be able to understand and integra¢ human
guidance and intentions, ensuring that its decision-making procesaligns with human values and goals. This
interaction between humans and machines not only improves decisioquality but also enhances user trust and
acceptance of the system.

When implementing cognitive decision-making, safety and reliability arealso critical issues that cannot be over-
looked [328. These principles ensure that cognitive decision-making does not agpromise essential operational
standards while pursuing performance improvements, thereby miataining system stability and user trust. Safety
mechanisms need to ensure that the behaviors generated by deiciss do not cause harm to humans or the environ-
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Figure 10 Schematic diagram of cognitive decision. The central part e mbodies the dual-process theory of intuition and logic in sy nergy,
relying on real-time environmental interaction and contin uously optimized decision-making strategies to balance lo ng-term stability with real-
time responsiveness. The outer part summarizes four key fea tures of online and feedback learning, multi-task learning , metacognition, and
human-machine collaboration integration, and emphasizes its safeguarding mechanisms for safety, reliability, tran sparency, and interpretability,
thereby supporting the intelligence of decision in cogniti ve navigation.

ment, while reliability requires that navigation decisions maintain consigent performance under various conditions.
Moreover, transparency and explainability are key factors. Theyenable users to understand the reasoning process
behind cognitive decision-making, thus fostering greater trust aual acceptance of the system.

5.4 Cognitive execution with strengthened embodied reason ing

Current research on navigation behavior has made signi cant progess, successfully endowing various navigation
platforms with the ability to interact with the real world. However, a pressing issue remains: how to ensure that
navigation behavior methods can quickly adapt to navigation platforms with varying geometric structures and
physical parameters B05. This research direction not only concerns the feasibility of widely deloying navigation
systems in human society but also involves maintaining certain operabnal capabilities for navigation platforms
when encountering sensor or actuator failures, enabling them to @apt to complex environments.

Embodied cognition theory [329 emphasizes the active role of the body in cognitive formation and uderstanding
of cognitive abilities, requiring high integration between the cognitive subject's sensory and motor systems. From
the descriptions of the cognitive perception paradigm and the cogttive decision paradigm, it is evident that in
cognitive navigation, cognitive perception provides cognitive exection with both external perception results (en-
vironmental features) and internal perception results (actuator features and structural features), while cognitive
decision supplies immediate, stable, and safe behavioral tasks. Thiaformation o ers a su cient data foundation
for cognitive execution, enabling the formation of a cognitive exection paradigm that strengthens embodied rea-
soning. Under this paradigm, di erent navigation platforms can achieve coupling between perception and motion,
allowing navigation systems to more deeply understand current sesory inputs and their impact on proprioception,
thereby executing navigation tasks more exibly. Its schematic diagram is shown in Figure11.

Cognitive execution with strengthened embodied reasoning consistof two main components: motion knowledge
reasoning and motion generation. At the motion knowledge reasonig, the system achieves comprehensive cogni-
tion of both the environment and the agent's own state through mutimodal information processing mechanisms.
Speci cally, the cognitive perception module not only continuously manitors the agent's intrinsic state parameters
(including position, velocity, and external force feedback) but al® e ectively integrates multimodal environmental
interaction information such as tactile and visual data. This multidime nsional proprioceptive data input enables
the system to establish a dynamic behavioral cognitive model in the pysical environment [316,317), encompassing
crucial cognitive elements such as the platform’'s dynamics charaetistics, motion constraints, motion mode fea-
tures, and control parameter systems. Based on this motion kneledge, motion generation systematically integrates
the physical properties of the navigation platform and its interactions with the environment, thereby surpassing
the derivation limitations of traditional abstract modeling methods [ 330 331]. For example, a biomimetic sh nav-
igation system must take into account its unique biomechanical stricture and hydrodynamic e ects [332], while a
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Figure 11 Schematic diagram of cognitive execution. The left side sho ws the external and internal sensory information provided b y cognitive
perception, along with the task instructions generated by c ognitive decision. The right side represents the closed-lo op structure of motion
knowledge reasoning and motion generation. Together, thes e form a dynamic behavioral cognitive model that can adaptiv ely generate behavioral
strategies aligned with dynamic characteristics, motion ¢ onstraints, and carrier structures across di erent platfo rms and scenarios, thereby
ensuring the adaptability of execution in cognitive naviga tion.

social mobile robot must optimize its interaction strategies accordirg to human social norms and nonverbal commu-
nication mechanisms B33. Under the reinforced embodied reasoning paradigm, motion knowlige reasoning and
motion generation form a dynamically evolving closed-loop system. Aér behavior output acts on the environment

via the actuators, real-time changes in environmental and intrinsicstates are recaptured by the cognitive perception
module and fed back to the system for continuous re ective learniig. This adaptive cognition-motion feedback loop
ensures the navigation system's cognitive stability and behavioral onsistency in dynamic environments.

5.5 Application prospects

Cognitive navigation has a wide range of applications. Below, we will intoduce six elds, including intelligent
transportation, precision agriculture, intelligent manufacturing, home services, planet exploration and emergency
rescue, as shown in Figurel2.

In the eld of intelligent transportation, cognitive navigation can ac hieve precise perception, real-time prediction,
and compliant driving by processing large amounts of data from vehile or roadside sensors. Compared to traditional
navigation systems, cognitive navigation, based on knowledge anceasoning, can e ectively address long-tail prob-
lems B34, 335, ensuring driving stability and safety. At the same time, it can instantly optimize behavior patterns
by considering tra ¢ conditions, road segments, and vehicle perfemance, thereby improving energy e ciency [336]
and achieving more e cient and economical driving than human drivers. Moreover, cognitive navigation can learn
from users' driving habits and preferences 337], such as adjusting the smoothness of acceleration and braking,
selecting e cient or comfortable routes, thus enhancing the driving experience and social acceptanc&3§. Fur-
thermore, the capabilities of cognitive navigation can be extended @ unstructured roads such as non-main roads,
parking lots, and desert highways B39 340, enabling safe and reliable navigation in a broader range of scenarios

In the eld of precision agriculture, cognitive navigation systems can signi cantly enhance agricultural production
e ciency and resource utilization by integrating advanced sensorsand robotic designs. For example, soft robots
combined with cognitive navigation can autonomously identify environrmental changes and select optimal paths for
environmental monitoring and data collection [341], helping farmers better understand and manage crop growth
conditions. By combining regionalized perception of farmland, cognitve navigation can assist automated agricul-
tural machinery in adjusting operational strategies, such as preise fertilization, smart irrigation, and weeding,
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Figure 12 Application prospects of cognitive navigation.

thereby enhancing the sustainability and e ciency of agricultural p roduction [342. Moreover, cognitive navigation
can enable mobile agricultural equipment to operate on di erent types of soil, fully meeting the diverse needs of
agricultural production.

In the eld of smart manufacturing, cognitive navigation will become a core force driving industrial automation
and intelligence B43. In the future, cognitive navigation will empower industrial robots and automated equipment
to achieve more e cient and precise task execution in complex prodetion environments [344]. By processing
real-time environmental data within factories|such as equipment s tatus, workpiece positions, and production
line speeds|cognitive navigation can generate more adaptive behavors for factory robots, optimizing production
processes, reducing downtime, and minimizing error rates3g5. Moreover, in the production inspection process,
cognitive navigation enables inspection robots to autonomously moitor the status of critical equipment within
complex and dynamic factory environments, proactively detect aml assess potential anomalies, and provide timely
feedback, thereby enhancing production safety and maintenare e ciency [ 346, 347. When combined with co-
robot(collaborative robot) technology [348§, cognitive navigation can enable safer and more e cient collaboratim
between humans and robots in shared workspaces. This will reduckuman operational errors, ensuring both
production safety and quality.

In the eld of home services, smart home systems should not only idode basic sensors and actuators but
also various home service robots. The integration of home serviceobots with cognitive navigation will enable
autonomous decision-making and e cient execution of household taks B49. For example, cognitive navigation
will allow smart cleaning robots [350{357 to automatically plan cleaning paths based on real-time changes in
the home environment (such as furniture positions, obstacles, athstain distribution), thereby optimizing cleaning
e ciency. Cognitive navigation will also enhance the interaction capabilities between home service robots and
users B53. By deeply analyzing and learning from users' behavior patterns ad personal preferences, robots can
proactively predict and meet user needs354].

In the eld of emergency rescue, cognitive navigation can assist @ms in quickly and accurately formulating
action plans in complex disaster environments 355. For example, at disaster sites such as earthquakes, oods,
and res, cognitive navigation can provide real-time perception of éwironmental changes like building collapses,
road blockages, or re spread, helping command centers dynamidlg adjust rescue strategies 856. Simultaneously,
cognitive navigation can support drones in performing aerial survgs, route planning in disaster areas, and optimizing
resource allocation. Meanwhile, in disaster inspection processesrahes or ground robots supported by cognitive
navigation can rapidly survey and assess the condition of a ected geas, providing critical information such as the
extent of structural damage, road accessibility, and potential isk points, thereby o ering precise data support for
subsequent rescue operations357, 35§|.

In the eld of extraterrestrial exploration, cognitive navigation ¢ an not only enhance the autonomous mobil-
ity of exploration robots in unfamiliar and extreme environments but also signi cantly improve the e ciency of
extraterrestrial scienti ¢ missions. For example, on icy planets sich as Jupiter's moon Europa or Saturn's moon
Enceladus, cognitive navigation can help SWIM robots 859 navigate e ciently and stably. At the same time,
when collecting samples or analyzing extraterrestrial soil, cognitivenavigation can dynamically adjust the energy
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consumption of exploration robots based on current mission requaments, ensuring long-term continuous operation
while maximizing mission outcomes 360.

6 Conclusion

As the future development direction in the eld of navigation technology, cognitive navigation will build a new
framework for navigation systems that maintains knowledge acquigion and application in complex, dynamic, and
open environments. This framework will be driven by a cognitive corehat incorporates the \ability-interpretability-
generalizability-evolvability" evolution mechanism, integrating the cognitive cohesion and specialization of cognitive
perception, cognitive decision, and cognitive execution. After sutmmarizing the relevant issues and development
trends in navigation systems, this work reviews the research workin the eld of cognitive navigation and re-
lated technologies. Additionally, by examining the current state of research in perception, decision, and execution
within existing navigation systems, a series of new navigation functia paradigms, supported by the \ability-
interpretability-generalizability-evolvability" evolution mechanism, a re proposed. We expect that with continuous
technological progress, these paradigms will become the driving rfoe for the innovation and development of cog-
nitive navigation technology, thereby stimulating technological breakthroughs in related elds and promoting the
sustained growth and progress of industries.
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