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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 determine the position and orientation of an object
and guide it from one location to another. This system addresses fundamental navigation questions: \Where am
I?", \Where am I going?" and \How do I get there?". Building upon th e questions outlined above, navigation
systems have evolved into a \Perception-Decision-Execution" paradigm. Speci�cally, Perception is responsible for
acquiring and processing information about both the environment and the agent's internal state; Decision integrates
goal-related information with perceptual data to generate navigation tasks; and Execution transforms task-level
instructions into concrete executable motions. Through the continuous interaction of these three components, this
paradigm constructs the navigation system as a goal-driven closed-loop control system. With the rapid development
of information technology, navigation systems have been widely applied 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 services for individuals
with mobility impairments [ 2], underwater robots dive into the deep sea for marine exploration and operations [3],
unmanned aerial vehicles assist in detection and search-and-rescue operations in dense forests [4], and planetary
rovers land on extraterrestrial bodies for exploration and surveying [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 range of application scenarios and the increasing
demand for intelligence. These challenges correspond respectivelyto the three components of the \Perception-
Decision-Execution" navigation paradigm, and are manifested as follows. \How to perceive?" which refers to
how navigation systems handle scene adaptability in complex environments [6]. When unknown spatial changes
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occur, such as variations in spatial style due to seasonal or weather changes, dynamic spatial structural changes
caused by moving objects not previously considered, or low-dynamic spatial structural changes resulting from
human alterations or scene modi�cations, navigation systems needto maintain perceptual stability and avoid
failure. \How to decide?" which concerns how navigation systems respond 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�ectively 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 [9]. Di�erent navigation carriers often possess di�erent motion capabilities, so navigation
systems need to actively adapt to their unique dynamic characteristics 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 adaptability 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 process.

Cognition [10] is de�ned as the mental activity or process of acquiring knowledgeand understanding through
thought, experience, and sensory perception, it encompasses all 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 form cognitive maps [11], enabling the perception,
memory, and understanding of navigation space. Humans use existing knowledge to reason about the environment
and their own non-prior information [ 12], combining situational memory to predict behavior patterns and potential
consequences [13], thereby enabling decision-making and behavioral adjustment. Additionally, humans logically
interpret and infer the implied meanings and underlying messages in interpersonal communication [14], facilitating
the parsing and exchange of instructions; humans can learn new contingent associations between movement and
outcomes, and rapidly reshape the sensorimotor representations of their bodies [15]. Research on how cognition
arises and develops has been extensively carried out across multipledisciplines. In psychology, theories of cognitive
development [16] focus on the changes in cognition across childhood, adulthood, and old 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 plasticity
at the micro, meso, and macro levels. Their studies reveal the neural 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 with the environment.

The human cognitive processes involved in perception, decision and execution 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 cognitive mechanisms into navigation, enabling a deeper
coupling between navigation paradigms and cognitive capabilities. Moreover, 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. Such cognitively enhanced navigation systems are capable of
continuously uncovering the triadic relational knowledge among environment, task and platform, thereby addressing
existing challenges in perception stability, decision intelligence, and execution adaptability. This review refers to such
systems as cognitive navigation. Drawing on research from psychology and neurobiology regarding the arising and
development of cognition, this review proposes that cognitive navigation should be equipped with an evolutionary
mechanism shaped by four core cognitive states: ability, interpretability, 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 acquiring initial capabilities for information processing
and storage. This process corresponds to the early stages of cognitive development proposed by psychologists such
as Piaget [18], wherein individuals gradually form cognitive structures of the external world through sensorimotor
interactions and concrete experiences. At the neural level, this stage re
ects the foundational dimension of cognitive
plasticity revealed by neurobiology|synaptic connections are form ed 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 thetransparency and interpretability of its inferences. In
psychology, this parallels the developmental transition from the concrete operational stage to the formal operational
stage [20], during which individuals begin to acquire abstract thinking and logical reasoning abilities. Neurologically,
this progression is closely associated with the maturation of advanced 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 integrates fragmented knowledge, constructing a
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more systematic and comprehensive knowledge framework through abstraction and continuous re�nement. This
stage can be seen as an embodiment of the schema theory in psychology [22], where individuals organize fragmented
knowledge by constructing and activating cognitive structures (schemas) that contain multiple knowledge units.
Neuroscienti�c research also supports this view, demonstrating that during long-term learning, the brain recon-
structs multimodal connectivity patterns [ 23], enabling cross-domain integration of disparate knowledge modules|
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 strategies, 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 [24], while neurobiological studies have shown that even in adulthood or old age,
the brain retains the capacity to learn new information and reorganize neural networks. This sustained adaptability
is the most essential manifestation of cognitive plasticity [25].

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

In this review, we provide an in-depth discussion and comprehensivesurvey of the related aspects of cognitive
navigation. Figure 1 provides an overview of the work presented in this review. In the subsequent sections, we
analyze the development trends of navigation systems and summarize 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 section, 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 milestone in human civilization, with a long and sto-
ried history. As early as ancient times, China invented early navigation 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 level greatly improved the safety and accuracy of
maritime navigation [26]. In the 20th century, the emergence of radio navigation systemsmarked another signi�-
cant breakthrough in navigation technology. During World War II, r adio navigation systems were widely used in
both military and civilian domains, signi�cantly enhancing the precision a nd reliability of navigation [ 27]. In the
1940s, Germany equipped its V-2 rockets with inertial stabilization devices, marking the birth of inertial navigation
systems [28], which provided a new technological foundation for subsequent advancements in navigation. Since
the 1950s, the gradual establishment and opening of global satellite navigation systems [29] have revolutionized
navigation technology. Systems such as the GPS, GLONASS, Galileo,and BeiDou now constitute a global satellite
navigation network, enabling users worldwide to obtain precise positioning services regardless of location. With the
development of various navigation technologies, integrated navigation systems emerged. These systems combine
information from multiple navigation technologies to overcome the limitations of single systems in speci�c envi-
ronments, achieving more precise and stable navigation. For example, 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 computertechnology and arti�cial intelligence, intelligent
navigation systems based on sensors such as cameras and LiDAR have begun to take shape. Unlike traditional nav-
igation systems that determine \Where am I?" solely through state estimation without observing the environment,
intelligent navigation leverages sensor data. On one hand, it provides 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 I get there?" [33]. This approach not only compensates for human
perceptual blind spots but also alleviates the burden of real-time human 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 the decision-making question of \Where am I
going?" and the execution question of \How do I get there?" to humans, who determined the destination and
continuously controlled the navigation process based on feedbackfrom 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 inputs 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, demonstrating the potential of deep learning technologies
in navigation [35]. However, due to hardware limitations at the time, these systems could 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 sensors and intelligent algorithms have been
integrated into computational systems, enabling autonomous navigation systems to comprehensively address the
questions of \Where am I?", \Where am I going?", and \How do I 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 paradigms: modular pipeline and end-to-end.

The modular pipeline is the most commonly used autonomous navigationframework [36{ 38]. It decomposes the
navigation problem into smaller and more speci�c sub-problems: decision-making, perception, localization, plan-
ning, and control. This approach typically relies on various sensor information to generate a consistent metric
representation of the surrounding environment, and uses this representation to link the functions of each module,
thus enabling a complete navigation process. Although the modular pipeline is relatively interpretable due to its
modularity, it focuses on using metric representations to analytically 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 end-to-end method directly maps sensor inputs
to control outputs and skips the intermediate steps of building explicit environmental models in a data-driven man-
ner [39,40]. Compared to the modular pipeline, the data used to train end-to-end autonomous navigation systems
can be relatively easily acquired, such as by driving around and recording video clips along with driving trajectories.
However, the end-to-end method faces the challenge of learning very complex mappings using arti�cial intelligence
techniques, and its performance depends on a large amount of training data. It has poor generalization ability and
is unable to handle various unknown situations that may arise during navigation [41]. Moreover, the end-to-end
method lacks transparency, and the decision-making process within 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 tr end, we can analyze the development
trajectory of navigation systems using the four core cognitive states 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 stateestimation 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 perceive environmental information, thus assisting
the human navigation process. In the above-mentioned navigationmethods, the decision-making and execution
processes are still controlled by humans, and the cognitive state of the 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 navigation 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, uses a 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, continually 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-mentioned navigation forms, endows the navigation
system with the ability for logical reasoning, knowledge transfer, and 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 autonomous and complete cognitive abilities compared to the
aforementioned navigation methods that navigation systems will perform more stably, intelligently, and universally
when faced with complex tasks, environments, and di�erent execution platforms.

2.2 Development of �elds related to cognitive navigation

The development of cognitive navigation primarily stems from the combined e�orts of three �elds: psychology,
neurobiology, and arti�cial intelligence. Psychology focuses on describing the components or processes of human
cognition and modeling them, while neurobiology reveals the biological foundation of spatial navigation by studying
the workings of the brain's internal neural systems. Both of these �elds rely on arti�cial intelligence (AI) technologies
to integrate their respective �ndings on cognition and simulate cognition on computational devices. With the rapid
development of arti�cial intelligence, data-driven deep learning methods have demonstrated powerful cognitive
abilities, surpassing traditional psychology and biology to become a key component in the development of cognitive
navigation. Figure 3 shows the number of publications related to cognitive navigation from 2004 to November 2025.
Since many of the cognitive discoveries in psychology and neurobiology rely on arti�cial intelligence for simulation,
in this review, we categorize psychology-inspired and neurobiology-inspired 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 AI technologies. Below, this review will introduce 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 cognitive navigation: a�ordance theory and the dual
process theory. The current state of research in these two directions 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 [45]. Gibson
emphasized that a�ordances are not inherent physical properties of objects, but rather action possibilities relative to
the capabilities of the agent [46]. 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 can \directly perceive" actionable opportunities from
the environment without constructing detailed geometric models of the world or engaging in rule-based logical
reasoning. The theory of a�ordance has sparked ongoing debatewithin the academic community, particularly
concerning the question of whether a�ordances can truly be perceived without intermediary representations. For
instance, Norman [47] introduced the concept of perceived a�ordance in interface design in 1988, highlighting the
role of mental representations. In contrast, Turvey [48] 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 presents a signi�cant interdisciplinary challenge at the
intersection of cognitive science and navigation technologies.

In recent years, with the development of data-driven methods and deep learning technologies, the concept of a�or-
dance has been widely applied in the perception and decision processes of robotic systems. Early research primarily
focused on manipulation tasks based on 2D images, such as Where2Act [49], 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, including forms such as positions [53],
regions [54], keypoints [55], and heatmaps [56]. Given that the understanding of a�ordance often relies on the geo-
metric properties of objects, recent studies have gradually extended a�ordance modeling to the domain of 3D point
clouds [57], aiming to overcome viewpoint limitations and achieve more comprehensive and robust representations.
In practical applications, a�ordances are often used as intermediate 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. Somestudies have also attempted end-to-end joint
learning of a�ordance and policy to enhance the coupling between perception and decision-making [58{ 61].

In autonomous navigation, a�ordance is likewise regarded as a cognitive 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 dependence|that is, while a�ordances may have general meaning,
their realizability still depends on the agent's capabilities and task objectives. This perspective provides a theoretical
foundation for shared mapping and environment understanding in navigation systems. Varadarajan [63] utilized
a�ordance-related features such as support-ability and contain-ability for obstacle detection and room functional
categorization in topological maps, thereby enhancing self-localization and loop closure detection, and enabling
semantic-aware, task-driven navigation. To address localization and mapping errors caused by outdated prior
maps, Terblanche et al. [64] introduced the concept of navigation-a�ordance into SLAM systems. Speci�cally, they
incorporated constraints between a�ordance and pose nodes within a factor graph optimization framework, enabling
cross-modal matching between a�ordance features extractedfrom visual perception and abstract semantic nodes
in a semantic map. This approach improves the robustness and practicality of localization and mapping without
relying on speci�c visual appearances. Qi et al. [65] predicted spatial a�ordance maps using sensor data, enabling
the navigation system to actively explore and build priors on non-navigable areas, which then guide path planning
and exploration strategies. Chen et al. [42] proposed the direct perception (DP) paradigm as a third approach to
navigation, positioned between traditional modular pipelines (MP) and end-to-end imitation learning (IL). This
method bypasses explicit environment modeling and directly predictsthree low-dimensional a�ordance indicators
from images: heading angle, distance to nearby lane markings, and distance to preceding vehicles. These are then
used to construct a controller, achieving a fast, closed-loop perception-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 framework, Sauer et al. [66] introduced video inputs
and language instructions to enable conditioned a�ordance-basednavigation behavior generation.

Despite the encouraging progress achieved at the engineering level, there 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 agent and the environment, and its perception and
realization are jointly in
uenced by the task objectives, environmental structure, and agent-speci�c capabilities. A
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critical open question for future research is how to adaptively adjust the representation of a�ordances across varying
contexts and scenarios.

(2) Dual process theory. The dual process theory [67] is an important framework in contemporary cognitive
psychology, used to explain two parallel and complementary processing mechanisms in human thinking: System 1
represents fast, automatic, context-driven, and low-resource but error-prone intuitive processing; System 2 represents
slow, cognitively resource-dependent, rule-based, and logical-analytic processing [68,69]. The theory originated from
Daniel Kahneman and Amos Tversky's research on heuristics and biases in decision [70], and was later systematized
by Stanovich and West [71]. Its purpose was to address decision biases unexplained by the adult rationality
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 inspirational paradigm for cognitive system design.

Ding et al. [72] proposed the CogQA system, which simulates the alternating collaboration between System 1 and
System 2 by constructing a cognitive graph: System 1 rapidly retrieves semantic nodes related to a given question to
build a dynamic graph, while System 2 performs in-depth reasoning and veri�cation on top of it. The performance of
this architecture demonstrates a potential way for the dual-system model to balance information-processing e�ciency
with reasoning depth. Fadjrimiratno et al. [ 73] mapped the dual process theory onto a hierarchical robotic control
architecture, where System 1 (fast reaction layer) is based on deep convolutional neural networks to directly map
multi-source sensor data into control commands, enabling millisecond-level dynamic obstacle avoidance; System 2
(slow reasoning layer) uses a global environment map and rule-based task planning to generate long-term paths, and
can dynamically adjust System 1's policy parameters or take over control when necessary. Mei et al. [74] applied
the dual process theory to scene reasoning and decision-making inautonomous driving. They designed System 1
as an Analytic Process, which continuously uses language to describe key objects in the environment that in
uence
decisions, thereby building an experience memory bank; through supervised �ne-tuning (SFT), the accumulated
experience is transferred to System 2, which corresponds to a lightweight 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-decision heuristic process on the vehicle's edge
devices, thus achieving cognitive resource decoupling and reducingon-board computational requirements.

These applications indicate that the dual process theory can provide navigation systems with a \fast-slow com-
bined" information-processing paradigm. However, its implementation still faces multiple challenges: How can the
collaboration and competition between System 1 and System 2 be modeled in dynamic environments? How can
the boundaries and division of labor between the two systems be clearly de�ned at the task level? And how can
the transferability of their processing modes and triggering mechanisms 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 focuses on the neural mechanisms of biological
spatial navigation, including the exploration of the cognitive map generation mechanism and the simulation of brain
neuron activity.

Cognitive maps, also known as mental maps or mental models, provide information about the relative positions
and attributes of phenomena in daily life or implicit spatial environment s, 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 learning[75]. The concept was proposed by Tolman
in 1948 [76] to explain how rats were able to �nd new shortcuts in a maze to obtain rewards. Based on these
experiments, Tolman suggested that animals may form internal spatial representations, rather than relying solely
on stimulus-response associations. Since then, the notion of cognitive maps has been widely adopted to interpret
spatial learning and goal-directed behavior in both humans and animals [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 hypothesized that di�erent place cells and surrounding
neurons in the hippocampus combine to form cognitive maps [79]. Since then, other navigation-related cells in the
hippocampus have been predicted and discovered by O'Keefe and associated researchers, including head direction
cells [80], boundary cells [81], grid cells [82], speed cells [83], and others. These cells together form a neural network
that encodes spatial position, orientation, and trajectories, and are considered the core neural substrate of the
cognitive map. Although this theory has received extensive experimental support, there is still debate regarding its
neural localization and organizational form. Some researchers argue 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 structured spatial representations, but rather on
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local strategies or statistical learning. As a result, subsequent research 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 processes in the brain using arti�cial neural networks.
In 1972, Amari [84] proposed a recurrent neural network based on the Ising modelfor modeling learning and
memory. Based on this, in 1984, Hop�eld [85] proposed the Hop�eld network (HNN), a dynamic associative
memory model capable of storing stable states through neural dynamics. In 2000, Arleo et al. [86] proposed a
spatial learning system that integrates allothetic (e.g., vision and audition) and idiothetic (e.g., vestibular cues
and proprioception) cues to simulate the coupling between place cellsand head-direction cells in the hippocampus.
This model employed an unsupervised Hebbian learning mechanism to gradually accumulate spatial experience
and establish stable representations of location and orientation. Subsequent 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 learned 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. [87] 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 models [88].
This method systematically integrates the spatial representationmechanisms of the hippocampus into SLAM.
Speci�cally, the visual template matching system is used for scene perception and recognition, simulating the
matching process between visual input and memory in biological systems; the continuous attractor network (CAN)
is responsible for path integration and heading maintenance, mimicking the function of navigation-related cells in
the hippocampus; the experience map is used to construct and update 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 environments but also validate the transferability of
biological mechanisms into navigation systems.

In recent years, the development of deep learning has further advanced 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 functions [89]. 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 ability to combine historical states and motion in-
formation for position inference mirrors the encoding behavior of grid 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 Arti�cial intelligence

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

With the development of deep learning and the improvement of hardware 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 the most representative tasks is vision-language
navigation (VLN). The emphasis of this task is on understanding route 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 perform 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 al. [91] proposed connecting language, knowledge,
and action to achieve path navigation. And it gained widespread attention in 2018, when Anderson et al. [92]
introduced the Room-to-Room (R2R) dataset. Subsequently, research has focused on three key challenges faced
by VLN. (1) Semantic alignment between language and vision. To address 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 ac curacy in
unseen environments. Related studies have explored environmentdata 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 incorporate vision-language pre-trained models to build stronger
language-perception representations, thereby improving navigation performance under complex instructions [98,99].

In recent years, the rapid development of large language models (LLMs) and multi-modal foundation models
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has injected new capabilities into cognitive implementation. Foundation models such as GPT-3 [100], GPT-4 [101],
and CLIP [102] have brought enhanced language reasoning and representationabilities, enabling richer cognitive
behaviors in complex environments. Based on these models, researchers 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 and state estimations) into
embedded representations within a language vector space, allowingseamless integration between physical perception
and language reasoning. The model emphasizes scalability and end-to-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 generalization ability. Vemprala et al. [ 105] focused
more on natural dialog capabilities in human-robot interaction scenarios. By employing ChatGPT [82] as a high-
level cognitive controller, the system handles task instruction parsing and multi-turn dialogue planning. Its core
innovation lies in using dialogue as a form of intent expression and intermediate reasoning, showcasing the system's
cognitive 
exibility and linguistic alignment.

Meanwhile, navigation systems are increasingly integrated with foundation 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, enabling 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 engine|together supporting end-to-end human-like
driving behavior modeling, from instruction parsing to sequential action generation. This demonstrates strong
task autonomy and cognitive completeness. Chang et al. proposedthe GOAT [ 108], which focuses on continuous
adaptability and long-term autonomous learning in navigation systems. By using CLIP for image-language align-
ment, the system achieves platform-independent generalizable navigation across multiple home environments. Its
performance improves signi�cantly with accumulated experience (e.g., 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 deployment 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 and neurobiology. Instead, it increasingly adopts
a data-driven approach, progressively forming cognitive system frameworks with autonomous understanding and
reasoning capabilities through continuous optimization of model architectures, data structures, and task designs.
From instruction comprehension to path reasoning, from multi-modal integration to higher-order logical inference,
AI technologies are driving the modeling and validation of cognitive capabilities 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 knowledge 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 navigation 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 human-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 evolutionary 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 enhancing the \ability" state. Further, this loop
delves into reasoning and understanding the logical relationships between multi-modal data within the common
knowledge base and forms navigational knowledge, thus achieving the \interpretability" state. Meanwhile, it com-
pares and integrates newly acquired knowledge with existing knowledge 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 navigation 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 the real-time data processing 
ow of the navigation
system and is closely related to navigation tasks. On the one hand, itserves as the practical functional carrier of
the cognitive core, providing sensor data and physical interactions 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 under the empowerment of the cognitive core,
thereby achieving cognitive navigation. These two loops promote each other and jointly enhance the performance
of the navigation system. The relationship between the cognitive loop 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 a full 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 contains the cognitive loop, as the cognitive center,
and cognitive perception, cognitive decision, and cognitive execution in the navigation function loop as the cogni-
tive periphery, as illustrated in Figure 5. The cognitive center synthesizes information provided by the cognitive
periphery to conduct the cognitive loop, thereby forming shared representations and general cognitive capabili-
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Figure 5 Schematic diagram of cognitive navigation structure.

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, cognitive 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 tasks, and a greater variety of navigation carriers.
Research on modular brain networks [110, 111] and modern neural network architectures [112] has identi�ed these
structural traits, demonstrating how interactions among components shape the system's cognitive functions [113].
The schematic diagram of the cognitive navigation structure is shown in Figure 5.

4 Technologies related to cognitive navigation

This section will provide an overview of the cognitive core, cognitive perception, cognitive decision, and cognitive
execution mentioned in Section3. The content will summarize the current state of research, covering everything
from classical methods to modern methods based on foundation models that are closely integrated with cognition.
These discussions aim to lay a solid foundation for further enhancingcognitive capabilities. An overview of related
technologies is shown in Figure6.

4.1 Cognitive core

The cognitive core, as the cognitive center providing navigational systems with cognitive abilities, must be designed
and implemented with reference to human cognitive research and the development of arti�cial intelligence. From
the cognitively engineered architectures of the past to the emergence of foundation models that endow systems
with cognitive capabilities, the cognitive core capable of empowering navigation systems with cognitive abilities is
coming to the forefront. Below are some of the latest developments related to the cognitive core technologies.

Alongside the development of cognitive science, researchers havebegun to explore how human cognitive abilities
can be realized in computational systems through mathematical modeling, 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 inspired by various disciplines, ranging from psycho-
logical analysis to neuroscience. They aimed to simulate human core cognitive abilities and explore the utility
of these abilities in practical applications, such as intelligent transportation [ 114], environmental monitoring [115],
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Figure 6 Overview of cognitive navigation-related technologies.

healthcare [116], 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, emphasizing semantic 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 strong pattern recog-
nition capabilities. The methods based on deep learning belong to this category. However, these methods lack
transparency in their internal mechanisms and do not provide explicit structural representations.

� Neuro-symbolic architectures combine the strengths of both symbolic and connectionist approaches; hybrid
architectures use neural networks for perception modeling and symbolic logic for high-level reasoning. This approach
is becoming a prominent research focus, though its implementation iscomplex 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 capabilities and sparked new expectations for their
future potential. The term \Foundation Models" was coined by Stan ford University [ 120], 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 representations, which can then be �ne-tuned for speci�c
downstream tasks. If foundation models are classi�ed according to cognitive architecture methods, they should also
belong to the connectionist architecture. However, due to their outstanding cognitive abilities highlighted under the
data-driven paradigm, they are discussed separately from traditional 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, demonstrating 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 cognitive elements from visual data.

� Multimodal models : Models such as CLIP [102] 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

Symbolic architecture
Strong interpretability;

strong logic
Suitable for de�ned function;

symbolic logic needs to be manually de�ned

Connectionist architectures Strong pattern recognition a bility
Suitable for certain functions;

weak logical structure;
poor interpretability

Neuro-symbolic architecture
Adaptable and logical;


exible structure
Suitable for certain functions;

complex implementation

Foundation models
Strong function generalization;
rich knowledge representation

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

These foundation models accumulate a vast amount of conceptualknowledge 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 abilities to integrate sensory information in complex
environments. Moreover, these models require processes such as attention and context understanding [128], which
are complex cognitive tasks analogous to human cognition when processing 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 challenges in interpretability, behavioral consistency,
and structural controllability.

Table 1 summarizes the main features and comparisons of the two cognitivecore construction approaches.
Overall, cognitive architectures emphasize interpretable modeling of cognitive processes, making them well-suited

for cognitive theory research and structured task control. In contrast, foundation models represent a data-driven
engineering paradigm for implementing cognitive functions, o�ering broader 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 structure and controllability.

4.2 Cognitive perception

4.2.1 Environment perception

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

� Metric representation focuses on using multi-modal sensor information for precise environmental mapping.
This can be represented in two types: explicit representation and implicit representation. Explicit metric repre-
sentation uses explicit geometric structures to represent the environment, such as grid [129], point cloud [130,131],
mesh [132], voxel [133, 134] or 3D Gaussian [135, 136], as well as vector maps [137, 138] and OSM maps [139, 140],
commonly used in autonomous driving. Implicit metric representation uses continuous functions to describe the
environment. These functions may be manually designed or learned through neural networks, such as SDF [141,142]
series, NERF [143,144]. The core equations of the metric representation methods are summarized in Table 2.

� Semantic representation is typically built on top of metric representation and uses methods likesemantic
segmentation [122] to extract instance objects from the environment and assign corresponding labels or textual
descriptions. This form of representation adds deeper semantic information to the environment, thereby enhancing
scene understanding [145,146].

� Topological representation is a further abstraction of the environment. It uses nodes to represent key
objects or spatial regions in the environment, with edges connecting 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 within the environment [147, 148]. In topological
representation, the environment is represented as an undirected graph G as follows:

G = fV ; Eg; (1)

where V is the set of navigable nodes, andE is the set of connecting edges.
The current research focus is on combining di�erent representation methods to achieve comprehensive acquisi-

tion and processing of environmental information. For instance, 3D scene graphs [149{ 151] or 3D dynamic scene
graphs [152, 153] express the shapes, positions, and semantic attributes of objects in three-dimensional space, en-
abling the description of complex interactions in the real world. This approach shifts scene understanding from
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Table 2 Core equations of the metric representation methods.

Method Core equation

Grid
M grid = f gij j i = 1 ; � � � ; N x ; j = 1 ; � � � ; N y g,
where gij is the occupancy status of the cell in the i -th row and j -th column of the grid,
and N x , N y are the number of rows and columns of the grid respectively.

Point Cloud
M point cloud = f pk = ( x k ; y k ; z k ) j k = 1 ; � � � ; N g,
where N is the number of points in the point cloud.

Mesh

M mesh = fV ; Fg ,
V = f v i = ( x i ; y i ; z i ) j i = 1 ; � � � ; N v g; F = f f j = ( v j 1 ; v j 2 ; v j 3 j j = 1 ; � � � ; N f )g,
where V is the set of vertices, F is the set of meshes,
N v is the number of vertices, and N f is the number of meshes.

Voxel
M voxel = f v ijk j i = 1 ; � � � ; N x ; j = 1 ; � � � ; N y ; k = 1 ; � � � ; N z g,
where v ijk is the occupancy status of the voxel in the i -th row, j -th column and k-th layer,
and N x , N y and N z are the dimensions of the voxel map along the x , y and z axes, respectively.

3D Gaussian

M 3D Gaussian = fN (x i ; � i ; � i ) j i = 1 ; � � � ; N g,

where N (x i ; � i ; � i ) =
1

(2 � )3= 2 j � i j 1= 2
exp

 

�
1

2
(x i � � i )T � � 1

i (x i � � i )

!

is the

probability distribution of 3D Gaussian points in space,
and N is the number of 3D Gaussian points.

SDF
SDF( p) = d(p; @
),
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 @
.

NERF

The volume rendering equation is de�ned as follows:

C (r ) =
NX

i =1

T i (1 � exp( � � i � i )) c i ,

where T i = exp

0

@�
i =1X

j =1

� j � j

1

A is the cumulative transmittance of the i -th sampling point,

� i is the volume density of the i -th sampling point, c i is the color of the i -th sampling point,
and � i 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 [156]. Through these inte-
grated environmental representation methods, navigation systems can achieve more accurate and comprehensive
understanding and adaptation to the environment.

Due to the inherent advantages of foundation models in understanding and reasoning, more and more work is
integrating them with scene representation tasks to enrich sceneunderstanding. Some studies embed 2D feature
representations generated by visual-language models into the basic units of scene representation, forming dense
scene annotations. These include explicit grid maps [157], point cloud maps [158{ 160], and implicit neural repre-
sentations [161{ 164]. Other studies, inspired by 3D scene graphs, link 2D features fromvisual-language models to
object instances in the scene, thus improving the e�ciency and scalability of scene representation while retaining
the foundation model's understanding and reasoning capabilities [165{ 167]. These studies consider the zero-shot
learning capabilities of visual-language models on an open vocabulary set [168], enhancing the generalization and
applicability of scene representations. Additionally, some researchdirectly connects large language models to higher-
level scene representations, such as text-based OSM maps [169] and topological maps in VLN tasks [170], thereby
expanding the application scope of foundation models in scene representation tasks.

4.2.2 Self-state perception

While navigation systems perform scene representation, they alsoneed 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 problem for poses and maps as follows:

p(x t ; M j z1:t ; u 1:t ) =
Z Z

� � �
Z

p(x 1:t ; M j z1:t ; u 1:t )dx 1dx 2 � � � dx t � 1; (2)

where x t is the pose at timet, M is the map which represents the environment,x 1:t is the poses at all times,z1:t

is the observations at all times, andu 1:t is the control inputs at all times.
The development of SLAM systems can be systematically analyzed from three dimensions: sensing modalities,

fusion strategies, and inference mechanisms.
In terms of sensing modalities, early SLAM systems were based on single sensors, such as LiDAR SLAM [171{ 173]

and visual SLAM [174{ 176], which performed state estimation through geometric feature extraction and matching.
These methods have a clear structure and relatively high accuracy, but tend to fail in complex environments with
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textureless areas, lighting changes, and dynamic occlusions. To enhance robustness, multi-modal SLAM techniques
have emerged. By fusing heterogeneous sensor data|including LiDAR, cameras, and inertial measurement units
(IMUs)|the system can achieve complementarity across di�erent 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 [177,178] independently preprocess each sensor's data and then fuse theresults. This approach
is highly modular, simple to implement, and facilitates debugging and maintenance; 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 environments [182, 183]. Nevertheless, this approach
demands higher sensor calibration and synchronization precision and incurs greater computational overhead.

Most of the above methods rely heavily on strict geometric calculation, whereas deep learning introduces new
research perspectives. Researchers have attempted to use neural 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 sensory data to state estimation. These
methods reduce dependence on handcrafted features and demonstrate stronger adaptability in complex scenarios.
However, their training processes require large and diverse datasets, and their generalization capabilities remain
limited.

In recent years, the rise of foundation models has introduced stronger semantic perception and cross-modal
representation capabilities into SLAM systems. In tasks such as visual localization [192, 193] and scene recogni-
tion [194{ 196], researchers have leveraged the general representation power of foundation models to enhance system
robustness under varying lighting conditions, viewpoint di�erences, and other challenges. For example, Ref. [194] em-
ployed unsupervised feature aggregation to achieve cross-domain recognition across diverse environments|including
urban, indoor, underground, and underwater scenes|demonstrating the broad adaptability of foundation model
features. Furthermore, some studies have embedded foundation models into speci�c tasks, such as constructing
SLAM graph node descriptors [197] or directly applying them for navigation and localization [ 198]. Although foun-
dation models exhibit great potential in generalization and semantic extraction, their application in SLAM still
faces multiple challenges, including large model size, slow inference speed, 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 and existing navigation knowledge to generate
actionable behavior sequences for completing navigation tasks. Unlike traditional navigation decision, cognitive
decision emphasizes continuous adaptation and learning of the decision-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 search methods, reinforcement learning-based methods,
and foundation model-based methods.

The rule-based methods rely on a prede�ned set of action sequences and rule systems. These rules and actions
are carefully encoded into a knowledge base, which includes domain-speci�c concepts, states, actions, potential
outcomes, as well as their interrelationships and constraints. These elements together form the foundation for logical
reasoning and task planning. In symbolic reasoning-based task planning methods, such as decision trees [199,200],
expert systems [201] and fuzzy cognitive maps (FCM) [202], information is extracted and integrated from the
knowledge base. Various action plans are evaluated based on prede�ned logical conditions, ultimately leading to
the formulation of a series of action instructions. These methods are suitable for task environments with strong
structure and stable rules, such as industrial automation and process control. However, their reliance on knowledge
modeling also leads to poor 
exibility, high maintenance costs, and di�c ulty in adapting to changes in open
environments.

Reinforcement learning-based methods emphasize autonomous policy learning through interaction with the en-
vironment. Compared to symbolic reasoning, their advantage lies in not 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 capabilities by introducing symbolic action abstrac-
tion [205,206]. Additionally, some research explores online learning mechanisms [8,207,208] to enhance adaptability
to partial observability and incomplete knowledge in real-world scenarios. However, reinforcement learning still
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Table 3 Core equations of the classical motion planning methods.

Method Core equation

Dijkstra's algorithm

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; v ) is the edge weight from node u to node v.

A* algorithm

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.

RRT algorithm

The tree expansion method is de�ned as follows:

qnew = qnew + �
qrand � qnear

kqrand � qnear k
,

where qrand is the randomly sampled point in the con�guration space C,
qnear is the node in the current tree T that is closest to qrand ,
and � is the step size, i.e., the maximum distance for expansion.

faces challenges in convergence speed, sample e�ciency, and interpretability.

v� (s) =
X

a

� (a j s)
X

s0;r

p(s0; r j s; a) [r + 
v � (s0)] ; s 2 S; (3)

wherea is taken from the action set A(s), the next state s0 is taken from the state setS, and the reward r is taken
from the reward set R.

Foundation models, owing to their outstanding performance in contextual 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 understanding skills. Furthermore, methods such
as ICL [213], CoT [214,215], and ReAct [216,217] further enhance the reasoning and generalization capabilities of
foundation models. This enables the models to respond to user decision instructions without relying on symbolic
knowledge bases, even when these instructions are not always precisely described [218,219]. 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 [220].

In summary, rule-based methods emphasize structural controllability 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 methods are not mutually exclusive but constitute a
complementary and coexisting spectrum of cognitive decision-making 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 navigation 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 approaches. Graph search methods [221{ 223] are suitable
for structured grid maps, emphasizing shortest paths and feasible action sequences; they achieve high computa-
tional e�ciency but often face bottlenecks in high-dimensional or dynamic environments. Sampling-based meth-
ods [224{ 226] are well-suited for high-dimensional continuous spaces, enabling rapid exploration of feasible path
spaces; however, path quality depends heavily on the sampling strategy. Optimization-based methods [227{ 229]
convert the planning problem into a constrained optimization problem, excelling in path smoothness and dynamic
consistency but exhibiting higher computational complexity and sensitivity to initial conditions. The core equations
of the classical motion planning methods are shown in Table3.

With the development of data-driven paradigms, learning-based behavior planning methods have gradually gained
attention. Reinforcement learning methods optimize long-term return 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

PID control
u( t ) = K p e( t ) + K i

Z t

0
e( � )d� + K d

de( t )

dt
,

where e( t ) = r ( t ) � y ( t ) represents the di�erence between the desired value and the actual value,
K p is proportional gain, K i is integral gain, and K d is derivative gain.

LQR control
The feedback gain matrix is calculated as follows:
A T P + P A � P BR � 1 B T P + Q = 0, K = R � 1 B T P .

MPC control

The cost function is de�ned as follows:

J =
NX

i =1

(x k + i � x ref ; k + i )T Q (x k + i � x ref ; k + i ) +
N � 1X

i =0

u T
k + i Ru k + i ,

where x ref ; 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 [230]. Policy-based reinforcement learning methods [231, 232] further support modeling in con-
tinuous action spaces, enhancing planning precision. End-to-end approaches 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 reduce the need for intermediate module design
but lack interpretability and face challenges such as weak generalization and high sample demands.

Foundation models have provided a new technical pathway for motion 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. Beyond this, several studies attempt to address
navigation in continuous action spaces using foundation models. SayNav [241] further expands the application
of foundation models in continuous action spaces by dynamically generating step-by-step navigation instructions
through a language model and invoking low-level policies for execution, enabling navigation in large-scale, unknown
real-world environments. PixelNav [242] de�nes navigation goals as pixel points, achieving generalized pathplanning
based on RGB input. LM-Nav [243] integrates language and visual embeddings, utilizing a visual navigation
model [237] to predict path points on an image-based topological space. Additionally, some studies [244{ 246]
attempt to use foundation models for regional inference of target locations, 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 strong adaptability and generalization capabilities in
complex environments. The introduction of foundation models has further expanded the expressive power and
perceptual integration of behavior planning, particularly in natura l language understanding, multimodal reason-
ing, and interaction within open environments. It is noteworthy tha t 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 over global path design." This shift enables navigation
systems to respond more 
exibly to real-time changes and complex semantic demands, exhibiting more cognitively
characteristic dynamic behaviors. Nonetheless, further research is required to address challenges related to path
safety assurance, modeling of action feasibility constraints, and real-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 ease of implementation and strong ro-
bustness. For linear or approximately linear systems, the linear quadratic regulator (LQR) and its variants [ 248,249]
can optimize performance metrics under constraints. Model predictive control (MPC) [ 250{ 252], by incorporating
dynamic prediction of future states and online optimization, demonstrates higher accuracy and 
exibility in nonlin-
ear systems and complex scenarios. However, these methods generally 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 controlmethods are shown in Table4.

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

Method Core equation

Behavior cloning

The maximum log-likelihood model is de�ned as follows:
�̂ � = argmax

X

� E

ln � (a i j si ),

where � E is the expert policy, which includes state-action pair ( st ; a t ), si is the state,
a i is the action executed by the expert policy in state si , and � is the agent policy.

Maximum entropy IRL

The gradient is calculated as follows:

r � L = �
1

jDj

X

� d 2D

dr �

d�
( � d ) �

X

s

p(s j � )
dr �

d�
(s),

where D is the expert demonstrations, � d is the trajectory within the expert demonstrations,
p(s j � ) is the probability of state s at current parameters,
and r � (st ; a t ) is the reward function at current parameters.

GAIL

The goal function is de�ned as follows:
� �

GA ( � � � � � E ) = sup
D 2 (0 ; 1) S � A

E� [log( D (s; a ))] + E� E [log(1 � D (s; a ))],

where � � and � � E is the state-action distributions of the learned policy and the expert policy,
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 [253{ 255] and robotic motion control [256, 257]. However, BC is
highly sensitive to the quality and coverage of demonstrations, struggling to handle situations beyond the training
distribution. Inverse reinforcement learning (IRL) [ 258{ 264] 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 policyexpressiveness 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 reward-optimized sequential decision problem, em-
phasizing the achievement of long-term goals and feedback regulation through interaction with the environment.
Model-free methods optimize policies directly through experience sampling without relying on environmental mod-
els, achieving good performance in tasks such as legged robots [269, 270], autonomous vehicles [271{ 273], and
drones [274, 275]. However, their low sample e�ciency and long training times limit deploym ent in real-world
systems. In contrast, model-based methods [276{ 278] construct dynamic probabilistic models of the environment
using interaction data and leverage model-based predictions to improve learning e�ciency, making them suitable
for tasks with high interaction costs or scarce data. Nonetheless, high computational costs and limited asymptotic
performance remain key constraints on their practical e�ectiveness. To address this, hybrid strategies combining
the advantages of both approaches have been proposed. Amongthem, model-based value expansion (MVE) [279]
uses short-term model predictions to expand target values in model-based methods, enhancing data e�ciency, then
updates model-free methods with these expansions to avoid long-term inaccurate predictions. Model-based policy
optimization (MBPO) [ 280] further introduces model ensemble mechanisms to estimate prediction uncertainty, ef-
fectively mitigating errors from inaccurate model predictions. These hybrid strategies improve learning e�ciency
while enhancing adaptability to environmental changes, promoting the 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 handlethe 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 zero-tuning gait generation for quadruped robots;
Ref. [282] utilized foundation models to reason about physical motion principles, learning locomotion postures in
low Reynolds number spaces for micro-swimmers [283, 284]; Ref. [285] adaptively integrated model outputs into
controllers by guiding parameter matrices, achieving fusion of structured feedback and model output. In [286],
foundation models were even employed to address problems in traditional undergraduate control systems, revealing
their capabilities and limits in control logic modeling and problem formulat ion understanding. These studies signify
a shift in behavior control from explicit model-based feedback mechanisms 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 Future trends

From the detailed discussion of cognitive navigation-related technologies in Section4, it is evident that current
research in cognitive navigation, supported by foundation models,has 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 thegeneralization performance of navigation systems
across di�erent scenarios, tasks, and carriers, i.e., exploring andreaching the \generalizability" cognitive state. This
section will synthesize the relevant technologies of cognitive navigation 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 core cognitive states, thereby forming new
functional paradigms, as shown in Figure7. The speci�c content of these paradigms will be elaborated in this
section. Furthermore, this section will explore the application prospects 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 capabilities in language understanding, image generation,
and video synthesis tasks, the widespread occurrence of hallucinations 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
ect s a lack of internal coherence in the generated
content. This problem is especially prominent in video generation|for example, models like Sora [288] can produce
high-quality video content but often generate segments that violate physical laws or common sense, highlighting the
signi�cant shortcomings of current foundation models in constructing a \world model" with physical consistency
and social plausibility. In contrast, human cognitive systems are not based solely on pattern matching but rely on
deep abstract models of the physical and social world, possessingabilities to predict, understand, explain, and adapt
to the environment. Most current foundation models rely on large-scale 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 \ability-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 primitives [289] and an open-vocabulary understanding module [290], it seman-
tically parses objects, attributes, and actions within the scene. By integrating a 3D scene fusion, language and
visual cues are uni�ed and mapped into a spatial semantic representation [ 291], thereby establishing a structured
knowledge base. This stage also incorporates an instant query andreasoning 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 interactive structures within the task environment
through part-level segmentation [293], and utilize a commonsense injection module to complete the contextof the
current scene [294], thereby achieving structured semantic annotation of the task environment. On this basis, the
cognitive core can infer the semantic relationships between the interactive structures and the task by integrating the
system's interactions with the environment during task execution [295], thus comprehending the task's execution
logic.

The \Generalizability" stage requires the cognitive core to possessthe ability for knowledge abstraction, inte-
gration, and cross-domain generalization. Through open-scene analysis and world model construction [296], the
cognitive core can unify environmental representations and causal 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 not only to integrate
knowledge but also to identify cognitive blind spots [298], 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 [300]. Additionally, to enhance the learning e�ciency of the cognitive core, few-shot
behavior learning [301] and uni�ed action space alignment mechanisms [302] 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 continual learning, forming a cognitive core for nav-
igation systems endowed with world modeling, self-evolution, and causal 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 navigation systems need to be built on a uni�ed
scene representation. The form of scene representation, the amount of information it contains, and its scalability
are key factors in determining the performance of subsequent navigation tasks. In the development of navigation
systems, we face a core challenge: how to achieve continuous and stable navigation perception in complex, dynamic,
and open environments. Current research on navigation perception has made signi�cant progress in terms of
accuracy, richness, and intelligence of scene representation. However, when dealing with complex dynamic open
navigation scenarios, especially providing perceptual information for navigation systems with superior mobility, the
limitations of these methods become apparent, sometimes even rendering navigation tasks unfeasible [183,303,304].
In contrast, humans 
exibly switch navigation goals or bases duringnavigation by integrating cognitive processes
and constructing and accumulating spatial knowledge into cognitivemaps [11], which is generally lacking in current
navigation methods [305]. Therefore, cognitive navigation needs to integrate a cognitive core to form a perception
paradigm based on navigation cues. This paradigm can actively capture perceptual information meaningful for
navigation within scenes and 
exibly switch navigation representation cues, reducing dependence on stable scene
features, thereby enhancing the adaptability, generalization, and stability of the navigation system. Its schematic
diagram is shown in Figure9.

The paradigm of cognitive perception based on navigation cues focuses on the deep integration of perception
and cognitive processes. By synthesizing or switching metric cues,semantic cues, topological cues, and behavioral
cues, cognitive perception can select and execute the most suitable perception 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 c 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.

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 construct a scene representation
that integrates multiple navigation cues; in feature-scarce scenes, cognitive perception will analyze and extract
navigation-friendly cues and integrate them into existing scene representations. Its schematic diagram is shown in
Figure 9.

Furthermore, cognitive perception, under the support of the cognitive core, needs to adjust the behavior patterns
of cognitive navigation in real-time according to current or predicted future navigation needs and scene changes [308{
310]. This allows for proactive exploration and collection of navigation cues within the scene. Such an active
perception and exploration mechanism, combined with cognition, enables cognitive navigation to better adapt to
dynamic changes in the scene, enhance cognitive interaction between 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 measurement [311], 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 navigation
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 are interrupted; second, they o�er a cognitive representation
of the system's own functional state, enabling the cognitive decision-making and behavior modules to assess whether
the system currently possesses the capability to execute speci�cactions, 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 the behavior module in generating optimal action
sequences. Furthermore, the semantic modeling of internal perception 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-state and environmental state, thereby completing
the perceptual-reasoning mapping loop [317]. Therefore, internal perception not only complements the information
gaps in environmental perception under uncertain scenarios but also 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 seriesof challenges, particularly in terms of long-
term reasoning performance for task planning and the generalization and stability in open real-world environments.
Additionally, even though foundation models demonstrate impressive decision-making e�ectiveness and quality, real-
time performance remains a critical issue that cannot be overlooked. How to maintain long-term stable decision-
making quality while ensuring the system can respond in real-time to a large 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 comparatively slower and relies on conscious judgment.
The organic combination of these two modes of thinking enables humans to achieve complex decision-making.
Corresponding to the human cognitive process, cognitive navigation needs to integrate a cognitive core to form a
cognitive decision paradigm that emphasizes real-time inference andcontinuous 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 strategies. When faced with complex and dynamic
real-world scenarios, navigation decisions can leverage continuously optimized decision strategies for rapid inference,
achieving the synergy between intuition and reasoning, as shown in the center of Figure10.

The peripheral area of Figure 10 represents the four main characteristics of cognitive decision. online and
feedback learning [319{ 321]: Cognitive decision-making can continuously receive new data duringinteractions with
the environment and immediately expand its knowledge base. It can also utilize feedback mechanisms to learn from
each decision outcome, thereby optimizing the decision model. This learning process includes not only �ne-tuning
of navigation decision strategies but also deep adjustments to thedecision 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, thus 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
ectionand self-regulation ability is a key feature of
advanced cognitive functions, enabling the system to recognize and adapt to changes in task demands, optimize
decision paths, and exhibit 
exibility and robustness when facing uncertainty and complexity. Human-machine
collaboration integration [326, 327]: Cognitive decision-making must be able to understand and integrate human
guidance and intentions, ensuring that its decision-making processaligns with human values and goals. This
interaction between humans and machines not only improves decisionquality 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 compromise essential operational
standards while pursuing performance improvements, thereby maintaining system stability and user trust. Safety
mechanisms need to ensure that the behaviors generated by decisions 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 consistent 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 and acceptance of the system.

5.4 Cognitive execution with strengthened embodied reason ing

Current research on navigation behavior has made signi�cant progress, 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 [305]. This research direction not only concerns the feasibility of widely deploying navigation
systems in human society but also involves maintaining certain operational capabilities for navigation platforms
when encountering sensor or actuator failures, enabling them to adapt to complex environments.

Embodied cognition theory [329] emphasizes the active role of the body in cognitive formation and understanding
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 cognitive decision paradigm, it is evident that in
cognitive navigation, cognitive perception provides cognitive execution 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. Thisinformation o�ers a su�cient data foundation
for cognitive execution, enabling the formation of a cognitive execution 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 sensory 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 consists of two main components: motion knowledge
reasoning and motion generation. At the motion knowledge reasoning, the system achieves comprehensive cogni-
tion of both the environment and the agent's own state through multimodal information processing mechanisms.
Speci�cally, the cognitive perception module not only continuously monitors the agent's intrinsic state parameters
(including position, velocity, and external force feedback) but also 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 physical environment [316,317], encompassing
crucial cognitive elements such as the platform's dynamics characteristics, motion constraints, motion mode fea-
tures, and control parameter systems. Based on this motion knowledge, 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 structure 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 c 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 according to human social norms and nonverbal commu-
nication mechanisms [333]. Under the reinforced embodied reasoning paradigm, motion knowledge reasoning and
motion generation form a dynamically evolving closed-loop system. After 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 learning. This adaptive cognition-motion feedback loop
ensures the navigation system's cognitive stability and behavioral consistency in dynamic environments.

5.5 Application prospects

Cognitive navigation has a wide range of applications. Below, we will introduce six �elds, including intelligent
transportation, precision agriculture, intelligent manufacturing, home services, planet exploration and emergency
rescue, as shown in Figure12.

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 vehicle or roadside sensors. Compared to traditional
navigation systems, cognitive navigation, based on knowledge and reasoning, can e�ectively address long-tail prob-
lems [334,335], ensuring driving stability and safety. At the same time, it can instantly optimize behavior patterns
by considering tra�c conditions, road segments, and vehicle performance, 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 acceptance [338]. Fur-
thermore, the capabilities of cognitive navigation can be extended to unstructured roads such as non-main roads,
parking lots, and desert highways [339,340], 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 environmental 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, cognitive navigation can assist automated agricul-
tural machinery in adjusting operational strategies, such as precise 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 [343]. In the future, cognitive navigation will empower industrial robots and automated equipment
to achieve more e�cient and precise task execution in complex production 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 behaviors for factory robots, optimizing production
processes, reducing downtime, and minimizing error rates [345]. Moreover, in the production inspection process,
cognitive navigation enables inspection robots to autonomously monitor the status of critical equipment within
complex and dynamic factory environments, proactively detect and assess potential anomalies, and provide timely
feedback, thereby enhancing production safety and maintenance e�ciency [ 346, 347]. When combined with co-
robot(collaborative robot) technology [348], cognitive navigation can enable safer and more e�cient collaboration
between humans and robots in shared workspaces. This will reducehuman operational errors, ensuring both
production safety and quality.

In the �eld of home services, smart home systems should not only include basic sensors and actuators but
also various home service robots. The integration of home service robots with cognitive navigation will enable
autonomous decision-making and e�cient execution of household tasks [349]. For example, cognitive navigation
will allow smart cleaning robots [350{ 352] to automatically plan cleaning paths based on real-time changes in
the home environment (such as furniture positions, obstacles, and stain distribution), thereby optimizing cleaning
e�ciency. Cognitive navigation will also enhance the interaction capabilities between home service robots and
users [353]. By deeply analyzing and learning from users' behavior patterns and personal preferences, robots can
proactively predict and meet user needs [354].

In the �eld of emergency rescue, cognitive navigation can assist teams 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 environmental changes like building collapses,
road blockages, or �re spread, helping command centers dynamically adjust rescue strategies [356]. Simultaneously,
cognitive navigation can support drones in performing aerial surveys, route planning in disaster areas, and optimizing
resource allocation. Meanwhile, in disaster inspection processes, drones or ground robots supported by cognitive
navigation can rapidly survey and assess the condition of a�ected areas, providing critical information such as the
extent of structural damage, road accessibility, and potential risk points, thereby o�ering precise data support for
subsequent rescue operations [357,358].

In the �eld of extraterrestrial exploration, cognitive navigation c 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�c missions. For example, on icy planets such as Jupiter's moon Europa or Saturn's moon
Enceladus, cognitive navigation can help SWIM robots [359] navigate e�ciently and stably. At the same time,
when collecting samples or analyzing extraterrestrial soil, cognitivenavigation can dynamically adjust the energy



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:27

consumption of exploration robots based on current mission requirements, 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 acquisition and application in complex, dynamic, and
open environments. This framework will be driven by a cognitive corethat incorporates the \ability-interpretability-
generalizability-evolvability" evolution mechanism, integrating the cognitive cohesion and specialization of cognitive
perception, cognitive decision, and cognitive execution. After summarizing 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 function 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 force 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.

Acknowledgements This work was supported by National Natural Science Foundat ion of China (Grant Nos. NSFC 62233002, 92370203).

References

1 Jacobstein N. Autonomous vehicles: an imperfect path to sa ving millions of lives. Sci Robot , 2019, 4: eaaw8703
2 Li S, Milligan K, Blythe P, et al. Exploring the role of human -following robots in supporting the mobility and wellbeing of older people.

Sci Rep , 2023, 13: 6512
3 Yoerger D R, Govindarajan A F, Howland J C, et al. A hybrid und erwater robot for multidisciplinary investigation of the o cean twilight

zone. Sci Robot , 2021, 6: eabe1901
4 Schedl D C, Kurmi I, Bimber O. An autonomous drone for search and rescue in forests using airborne optical sectioning. Sci Robot , 2021,

6: eabg1188
5 Verma V, Maimone M W, Gaines D M, et al. Autonomous robotics i s driving perseverance rover's progress on Mars. Sci Robot , 2023, 8:

eadi3099
6 Cai P, Wang S, Sun Y, et al. Probabilistic end-to-end vehicl e navigation in complex dynamic environments with multimod al sensor fusion.

IEEE Robot Autom Lett , 2020, 5: 4218{4224
7 Wang Y, Zhong W, Li L, et al. Aligning large language models w ith human: a survey. 2023. ArXiv: 2307.12966
8 Wang Z, Tian G. Hybrid o�ine and online task planning for ser vice robot using object-level semantic map and probabilist ic inference.

Inf Sci , 2022, 593: 78{98
9 Shah D, Sridhar A, Bhorkar A, et al. Gnm: a general navigatio n model to drive any robot. 2023. ArXiv: 2210.03370

10 Anderson J R. Cognitive Psychology and Its Implications. 6th ed. New York: Worth Publishers, 2005
11 Bellmund J L S, G•ardenfors P, Moser E I, et al. Navigating c ognition: spatial codes for human thinking. Science, 2018, 362: eaat6766
12 Hagendor� T, Fabi S, Kosinski M. Human-like intuitive beh avior and reasoning biases emerged in large language models but disappeared

in ChatGPT. Nat Comput Sci , 2023, 3: 833{838
13 Steudler J S, �Olafsd�ottir H F. Cracking the neuronal code of episodic mem ory. Science, 2023, 382: 262{263
14 Mi Q, Wang C, Camerer C F, et al. Reading between the lines: l istener's vmPFC simulates speaker cooperative choices in c ommunication

games. Sci Adv , 2021, 7: eabe6276
15 D'Angelo M, di Pellegrino G, Seriani S, et al. The sense of a gency shapes body schema and peripersonal space. Sci Rep , 2018, 8: 13847
16 Ramesh S. The theories of cognitive development. In: The P olitical Economy of Contemporary Human Civilisation. Cham : Palgrave

Macmilla, 2022, 143{180
17 Gordon E M, Chauvin R J, Van A N, et al. A somato-cognitive ac tion network alternates with e�ector regions in motor corte x. Nature ,

2023, 617: 351{359
18 Pakpahan F H, Saragih M. Theory of cognitive development b y Jean Piaget. J Appl Linguist , 2022, 2: 55{60
19 Stampanoni Bassi M, Iezzi E, Gilio L, et al. Synaptic plast icity shapes brain connectivity: implications for network topology. Int J Mol

Sci, 2019, 20: 6193
20 Babakr Z H, Mohamedamin P, Kakamad K. Piaget's cognitive d evelopmental theory: critical review. Educ Quart Rev , 2019, 2: 517{524
21 Friedman N P, Robbins T W. The role of prefrontal cortex in c ognitive control and executive function. Neuropsychopharmacology , 2021,

47: 72{89
22 Rumelhart D E. Schemata: the building blocks of cognition . In: Proceedings of Theoretical Issues in Reading Comprehe nsion, 2017.

33{58
23 Bernardinelli Y, Muller D, Nikonenko I. Astrocyte-synap se structural plasticity. Neural Plast , 2014, 2014: 1{13
24 Ramscar M, Hendrix P, Shaoul C, et al. The myth of cognitive decline: non-linear dynamics of lifelong learning. Top Cogn Sci , 2014, 6:

5{42
25 Fuchs E, Fl•ugge G. Adult neuroplasticity: more than 40 ye ars of research. Neural Plast , 2014, 2014: 1{10
26 Guanghua W. An optimal estimating method for celestial na vigation. J Navigation , 1991, 44: 266{269
27 He
ey G. The Development of Loran-C navigation and timing . National Bureau of Standards, 1972, doi: 10.6028/NBS.MON O.129
28 Wrigley W. History of inertial navigation. Navigation , 1977, 24: 1{6
29 Hofmann-Wellenhof B, Lichtenegger H, Wasle E. GNSS{Glob al Navigation Satellite Systems: GPS, GLONASS, Galileo, an d More.

Vienna: Springer, 2008
30 Zhang G, Hsu L T. Intelligent GNSS/INS integrated navigat ion system for a commercial UAV 
ight control system. Aerospace Sci Tech ,

2018, 80: 368{380
31 Davison. Real-time simultaneous localisation and mappi ng with a single camera. In: Proceedings of the Ninth IEEE Int ernational

Conference on Computer Vision, 2003
32 Montemerlo M, Thrun S, Koller D, et al. Fastslam: a factore d solution to the simultaneous localization and mapping pro blem. AAAI,

2002, 593598: 593{598
33 Labayrade R, Royere C, Gruyer D, et al. Cooperative fusion for multi-obstacles detection with use of stereovision and laser scanner.

Auton Robot , 2005, 19: 117{140



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:28

34 Kuipers B, Feigenbaum E A, Hart P E, et al. Shakey: from conc eption to history. AI Mag , 2017, 38: 88{103
35 Pomerleau D A. Alvinn: an autonomous land vehicle in a neur al network. In: Proceedings of Advances in Neural Informati on Processing

Systems, 1988
36 Thrun S, Montemerlo M, Dahlkamp H, et al. Stanley: the robo t that won the DARPA Grand Challenge. J Field Robotics , 2006, 23:

661{692
37 Bl?sch M, Weiss S, Scaramuzza D, et al. Vision based mav nav igation in unknown and unstructured environments. In: Proc eedings of

IEEE International Conference on Robotics and Automation, 2010
38 Hutter M, Gehring C, Jud D, et al. Anymal|a highly mobile an d dynamic quadrupedal robot. In: Proceedings of IEEE/RSJ In ternational

Conference on Intelligent Robots and Systems (IROS), 2016
39 Gervet T, Chintala S, Batra D, et al. Navigating to objects in the real world. Sci Robot , 2023, 8: eadf6991
40 Hu Y, Yang J, Chen L, et al. Planning-oriented autonomous d riving. In: Proceedings of the IEEE/CVF Conference on Compu ter Vision

and Pattern Recognition, 2023. 17853{17862
41 Muhammad K, Ullah A, Lloret J, et al. Deep learning for safe autonomous driving: current challenges and future directi ons. IEEE Trans

Intell Transp Syst , 2020, 22: 4316{4336
42 Chen C, Se� A, Kornhauser A, et al. Deepdriving: learning a �ordance for direct perception in autonomous driving. In: P roceedings of

the IEEE International Conference on Computer Vision, 2015 . 2722{2730
43 Teng S, Hu X, Deng P, et al. Motion planning for autonomous d riving: the state of the art and future perspectives. IEEE Trans Intell

Veh , 2023, 8: 3692{3711
44 Edmonds M, Gao F, Liu H, et al. A tale of two explanations: en hancing human trust by explaining robot behavior. Sci Robot , 2019, 4:

eaay4663
45 Gibson J J. The ecological approach to the visual percepti on of pictures. Leonardo , 1978, 11: 227{235
46 Hsu J. Machines on mission possible. Nat Mach Intell , 2019, 1: 124{127
47 Norman D A. A�ordance, conventions, and design. Interactions , 1999, 6: 38{43
48 Turvey M T. A�ordances and prospective control: an outlin e of the ontology. Ecol Psychol , 1992, 4: 173{187
49 Mo K, Guibas L, Mukadam M, et al. Where2act: from pixels to a ctions for articulated 3d objects. In: Proceedings of IEEE/ CVF

International Conference on Computer Vision (ICCV), 2021. 6793{6803
50 Wu R, Zhao Y, Mo K, et al. Vat-mart: learning visual action t rajectory proposals for manipulating 3d articulated objec ts. 2021.

ArXiv: 2106.14440
51 Wang Y, Wu R, Mo K, et al. Adaa�ord: learning to adapt manipu lation a�ordance for 3d articulated objects via few-shot in teractions.

In: Proceedings of European Conference on Computer Vision, 2022. 90{107
52 Yue Y, Yuan Y, Yu Q, et al. Vapo: e�cient and reliable reinfo rcement learning for advanced reasoning tasks. 2025. ArXiv :2504.05118
53 Redmon J, Angelova A. Real-time grasp detection using con volutional neural networks. In: Proceedings of 2015 IEEE In ternational

Conference on Robotics and Automation (ICRA), 2015. 1316{1 322
54 Chu F J, Xu R, Vela P A. Learning a�ordance segmentation for real-world robotic manipulation via synthetic images. IEEE Robot

Autom Lett , 2019, 4: 1140{1147
55 Manuelli L, Gao W, Florence P, et al. Kpam: keypoint a�orda nces for category-level robotic manipulation. In: Proceed ings of the

International Symposium of Robotics Research, 2022. 132{1 57
56 Nagarajan T, Grauman K. Learning a�ordance landscapes fo r interaction exploration in 3d environments. In: Proceedi ngs of Advances

in Neural Information Processing Systems, 2020. 2005{2015
57 Deng S, Xu X, Wu C, et al. 3d a�ordancenet: a benchmark for vi sual object a�ordance understanding. In: Proceedings of th e IEEE/CVF

Conference on Computer Vision and Pattern Recognition, 202 1. 1778{1787
58 Borja-Diaz J, Mees O, Kalweit G, et al. A�ordance learning from play for sample-e�cient policy learning. In: Proceedi ngs of the 2022

IEEE International Conference on Robotics and Automation ( ICRA), 2022
59 Mandikal P, Grauman K. Learning dexterous grasping with o bject-centric visual a�ordances. 2021. ArXiv: 2009.01439
60 Laskin M, Srinivas A, Abbeel P. CURL: contrastive unsuper vised representations for reinforcement learning. In: Pro ceedings of the 37th

International Conference on Machine Learning, 2020. 5639{ 5650
61 Geng Y, An B, Geng H, et al. Rla�ord: end-to-end a�ordance l earning for robotic manipulation. In: Proceedings of IEEE I nternational

Conference on Robotics and Automation (ICRA), 2023
62 Rome E, Hertzberg J, Dor�ner G. Towards A�ordance-Based R obot Control: International Seminar, Dagstuhl Castle, Ger many, June

5-9, 2006, Revised Papers. Berlin: Springer, 2008
63 Varadarajan K M. Topological mapping for robot navigatio n using a�ordance features. In: Proceedings of the 6th Inter national Conference

on Automation, Robotics and Applications (ICARA), 2015
64 Terblanche J, Claassens S, Fourie D. Multimodal navigati on-a�ordance matching for SLAM. IEEE Robot Autom Lett , 2021, 6: 7728{7735
65 Qi W, Mullapudi R T, Gupta S, et al. Learning to move with a�o rdance maps. In: Proceedings of International Conference o n Learning

Representations (ICLR), 2020
66 Sauer A, Savinov N, Geiger A. Conditional a�ordance learn ing for driving in urban environments. In: Proceedings of th e 2nd Conference

on Robot Learning, 2018. 237{252
67 Groves P M, Thompson R F. Habituation: a dual-process theo ry. Psychological Rev , 1970, 77: 419{450
68 Vaisey S. Motivation and justi�cation: a dual-process mo del of culture in action. Am J Sociology , 2009, 114: 1675{1715
69 Lizardo O, Mowry R, Sepulvado B, et al. What are dual proces s models? Implications for cultural analysis in sociology. Sociological

Theor , 2016, 34: 287{310
70 Tversky A, Kahneman D. Judgment under uncertainty: heuri stics and biases. Science, 1974, 185: 1124{1131
71 Stanovich K E, West R F. Individual di�erences in reasonin g: implications for the rationality debate? Behav Brain Sci , 2000, 23: 645{665
72 Ding M, Zhou C, Chen Q, et al. Cognitive graph for multi-hop reading comprehension at scale. 2019. ArXiv: 1905.05460
73 Fadjrimiratno M, Hatae Y, Matsukawa T, et al. Detecting an omalies from human activities by an autonomous mobile robot based on

\fast and slow" thinking. In: Proceedings of the 16th Intern ational Conference on Computer Vision Theory and Applicati ons, 2021
74 Mei J, Ma Y, Yang X, et al. Continuously learning, adapting , and improving: a dual-process approach to autonomous driv ing. 2024.

ArXiv: 2405.15324
75 Kitchin R M. Cognitive maps: what are they and why study the m? J Environ Psychol , 1994, 14: 1{19
76 Tolman E C. Cognitive maps in rats and men. Psychological Rev , 1948, 55: 189{208
77 Schrimpf M, Blank I A, Tuckute G, et al. The neural architec ture of language: integrative modeling converges on predic tive processing.

Proc Natl Acad Sci USA , 2021, 118: e2105646118
78 O'Keefe J, Dostrovsky J. The hippocampus as a spatial map. Preliminary evidence from unit activity in the freely-movi ng rat. Brain

Res, 1971, 34: 171{175
79 O'Keefe J, Nadel L. The cognitive map as a hippocampus. Behav Brain Sci , 1979, 2: 520{533
80 Taube J S, Muller R U, Ranck Jr J B. Head-direction cells rec orded from the postsubiculum in freely moving rats. II. E�ec ts of

environmental manipulations. J Neurosci , 1990, 10: 436{447
81 Barry C, Lever C, Hayman R, et al. The boundary vector cell m odel of place cell �ring and spatial memory. Rev Neuroscis , 2006, 17:

71{98
82 Hafting T, Fyhn M, Molden S, et al. Microstructure of a spat ial map in the entorhinal cortex. Nature , 2005, 436: 801{806
83 Krop� E, Carmichael J E, Moser M B, et al. Speed cells in the m edial entorhinal cortex. Nature , 2015, 523: 419{424



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:29

84 Amari S I. Learning patterns and pattern sequences by self -organizing nets of threshold elements. IEEE Trans Comput , 1972, 100:
1197{1206

85 Hop�eld J J. Neurons with graded response have collective computational properties like those of two-state neurons. Proc Natl Acad Sci
USA , 1984, 81: 3088{3092

86 Arleo A, Gerstner W. Spatial cognition and neuro-mimetic navigation: a model of hippocampal place cell activity. Biol Cybernetics ,
2000, 83: 287{299

87 Milford M J, Wyeth G F, Prasser D. Ratslam: a hippocampal mo del for simultaneous localization and mapping. In: Proceed ings of IEEE
International Conference on Robotics and Automation, 2004

88 Chancan M, Hernandez-Nunez L, Narendra A, et al. A hybrid c ompact neural architecture for visual place recognition. IEEE Robot
Autom Lett , 2020, 5: 993{1000

89 Krotov D, Hop�eld J J. Dense associative memory for patter n recognition. In: Proceedings of Advances in Neural Inform ation Processing
Systems, 2016

90 Ramsauer H, Sch•a
 B, Lehner J, et al. Hop�eld networks is a ll you need. 2020. arXiv:2008.02217
91 MacMahon M, Stankiewicz B, Kuipers B. Walk the talk: conne cting language, knowledge, and action in route instruction s. In: Proceedings

of the 21st National Conference on Arti�cial Intelligence, 2006. 1475{1482
92 Anderson P, Wu Q, Teney D, et al. Vision-and-language navi gation: Interpreting visually-grounded navigation instr uctions in real

environments. In: Proceedings of the IEEE Conference on Com puter Vision and Pattern Recognition, 2018. 3674{3683
93 Hong Y, Rodriguez C, Qi Y, et al. Language and visual entity relationship graph for agent navigation. In: Proceedings o f Advances in

Neural Information Processing Systems, 2020. 33: 7685{769 6
94 Landi F, Baraldi L, Cornia M, et al. Multimodal attention n etworks for low-level vision-and-language navigation. 20 21. ArXiv: 1911.12377
95 Li J, Tan H, Bansal M. Envedit: environment editing for vis ion-and-language navigation. 2022. ArXiv: 2203.15685
96 Tan H, Yu L, Bansal M. Learning to navigate unseen environm ents: back translation with environmental dropout. 2019. A rXiv: 1904.04195
97 Anderson P, Shrivastava A, Truong J, et al. Sim-to-real tr ansfer for vision-and-language navigation. 2020. ArXiv: 2011.03807
98 Chen S, Guhur P L, Schmid C, et al. History aware multimodal transformer for vision-and-language navigation. In: Proc eedings of

Advances in Neural Information Processing Systems, 2021. 5 834{5847
99 Chen S, Guhur P L, Tapaswi M, et al. Learning from unlabeled 3d environments for vision-and-language navigation. In: P roceedings of

the 17th European Conference on Computer Vision, 2022. 638- 655
100 Brown T, Mann B, Ryder N, et al. Language models are few-sh ot learners. In: Proceedings of Advances in Neural Informat ion Processing

Systems, 2020. 33: 1877{1901
101 Achiam O J, Adler S, Agarwal S, et al. GPT-4 Technical Repo rt. 2023. ArXiv: 2303.08774
102 Radford A, Kim J W, Hallacy C, et al. Learning transferabl e visual models from natural language supervision. In: Proc eedings of

International Conference on Machine Learning, 2021. 8748{ 8763
103 Driess D, Xia F, Sajjadi M S M, et al. Palm-e: an embodied mu ltimodal language model. 2023. ArXiv: 2303.03378
104 Mu Y, Zhang Q, Hu M, et al. EmbodiedGPT: vision-language p re-training via embodied chain of thought. 2023. ArXiv: 2305.15021
105 Vemprala S H, Bonatti R, Bucker A, et al. ChatGPT for robot ics: design principles and model abilities. IEEE Access , 2024, 12:

55682{55696
106 Ma Y, Cao Y, Sun J, et al. Dolphins: multimodal language mo del for driving. 2023. ArXiv: 2312.00438
107 Mao J, Ye J, Qian Y, et al. A language agent for autonomous d riving. 2023. ArXiv: 2311.10813
108 Chang M, Gervet T, Khanna M, et al. Goat: go to any thing. 20 23. ArXiv: 2311.06430
109 Shah D, Sridhar A, Dashora N, et al. Vint: a foundation mod el for visual navigation. 2023. ArXiv: 2306.14846
110 Sporns O, Betzel R F. Modular brain networks. Annu Rev Psychol , 2016, 67: 613{640
111 Meunier D, Lambiotte R, Bullmore E T. Modular and hierarc hically modular organization of brain networks. Front Neurosci , 2010, 4:

200
112 Rogers A, Kovaleva O, Rumshisky A. A primer in BERTology: what we know about how BERT works. Trans Assoc Comput Linguistics ,

2020, 8: 842{866
113 Hilger K, Ekman M, Fiebach C J, et al. Intelligence is asso ciated with the modular structure of intrinsic brain networ ks. Sci Rep , 2017,

7: 16088
114 Salvucci D D. Modeling driver behavior in a cognitive arc hitecture. Hum Factors , 2006, 48: 362{380
115 Agate V, Ferraro P, Gaglio S, et al. A cognitive architect ure for ambient intelligence systems. In: Proceedings of AI C, 2018. 52{58
116 Strain S, Franklin S. Modeling medical diagnosis using a comprehensive cognitive architecture. J Healthcare Eng , 2011, 2: 241{258
117 Iarovyi S, Lastra J L M, Haber R, et al. From arti�cial cogn itive systems and open architectures to cognitive manufact uring systems. In:

Proceedings of 2015 IEEE 13th International Conference on I ndustrial Informatics (INDIN), 2015. 1225{1232
118 Medsker L R. Hybrid Intelligent Systems. New York: Sprin ger, 1995
119 Lange T E. Hybrid connectionist models: temporary bridg es over the gap between the symbolic and the subsymbolic. In: Proceedings of

the Symbolic and Connectionist Paradigms, 2014. 237{290
120 Bommasani R, Hudson D A, Adeli E, et al. On the opportuniti es and risks of foundation models. 2021. ArXiv: 2108.07258
121 Devlin J, Chang M W, Lee K, et al. Bert: pre-training of dee p bidirectional transformers for language understanding. 2018.

ArXiv: 1810.04805
122 Kirillov A, Mintun E, Ravi N, et al. Segment anything. In: Proceedings of IEEE/CVF International Conference on Compu ter Vision

(ICCV), 2023
123 Zhang C, Liu L, Cui Y, et al. A comprehensive survey on segm ent anything model for vision and beyond. 2023. ArXiv: 2305.08196
124 Zhang H, Li F, Liu S, et al. Dino: detr with improved denois ing anchor boxes for end-to-end object detection. 2022. ArX iv: 2203.03605
125 Alayrac J B, Donahue J, Luc P, et al. Flamingo: a visual lan guage model for few-shot learning. In: Proceedings of Advan ces in Neural

Information Processing Systems, 2022
126 Cui C, Ma Y, Cao X, et al. A survey on multimodal large langu age models for autonomous driving. In: Proceedings of the IE EE/CVF

Winter Conference on Applications of Computer Vision, 2024 . 958{979
127 Yin S, Fu C, Zhao S, et al. A survey on multimodal large lang uage models. 2023. ArXiv: 2306.13549
128 Sun Z, Shen S, Cao S, et al. Aligning large multimodal mode ls with factually augmented RLHF. 2023. ArXiv: 2309.14525
129 Fisher A, Cannizzaro R, Cochrane M, et al. ColMap: a memor y-e�cient occupancy grid mapping framework. Robotics Autonomous

Syst , 2021, 142: 103755
130 Jaritz M, Gu J, Su H. Multi-view pointnet for 3d scene unde rstanding. In: Proceedings of the IEEE/CVF International C onference on

Computer Vision Workshops, 2019
131 Zhou L, Koppel D, Kaess M. LiDAR SLAM with plane adjustmen t for indoor environment. IEEE Robot Autom Lett , 2021, 6: 7073{7080
132 Tian Y, Chang Y, Herrera Arias F, et al. Kimera-multi: rob ust, distributed, dense metric-semantic SLAM for multi-ro bot systems. IEEE

Trans Robot , 2022, 38: 2022{2038
133 Xu Y, Tong X, Stilla U. Voxel-based representation of 3D p oint clouds: methods, applications, and its potential use i n the construction

industry. Automation Construction , 2021, 126: 103675
134 Li Y, Chen Y, Qi X, et al. Unifying voxel-based representa tion with transformer for 3d object detection. In: Proceedi ngs of Advances in

Neural Information Processing Systems, 2022. 35: 18442{18 455
135 Kerbl B, Kopanas G, Leimkuehler T, et al. 3D Gaussian spla tting for real-time radiance �eld rendering. ACM Trans Graph , 2023, 42:

1{14



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:30

136 Wu G, Yi T, Fang J, et al. 4D Gaussian splatting for real-ti me dynamic scene rendering. In: Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2024. 20310{20 320

137 Liu Y, Yuan T, Wang Y, et al. Vectormapnet: end-to-end vec torized HD map learning. In: Proceedings of International C onference on
Machine Learning, 2023. 22352{22369

138 Jiang B, Chen S, Xu Q, et al. Vad: vectorized scene represe ntation for e�cient autonomous driving. In: Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2023. 8340{8 350

139 Naik L, Blumenthal S, Huebel N, et al. Semantic mapping ex tension for OpenStreetMap applied to indoor robot navigati on. In:
Proceedings of 2019 International Conference on Robotics a nd Automation (ICRA), 2019. 3839{3845

140 Li J, Qin H, Wang J, et al. OpenStreetMap-based autonomou s navigation for the four wheel-legged robot via 3D-LIDAR an d CCD
camera. IEEE Trans Ind Electron , 2021, 69: 2708{2717

141 Oleynikova H, Millane A, Taylor Z, et al. Signed distance �elds: a natural representation for both mapping and planni ng. 2016.
https://www.semanticscholar.org/paper/83b792e904680 78085c1d74aa331559e592b19c4

142 Han L, Gao F, Zhou B, et al. Fiesta: fast incremental Eucli dean distance �elds for online motion planning of aerial rob ots. In: Proceedings
of 2019 IEEE/RSJ International Conference on Intelligent R obots and Systems (IROS), 2019. 4423{4430

143 Adamkiewicz M, Chen T, Caccavale A, et al. Vision-only ro bot navigation in a neural radiance world. IEEE Robot Autom Lett , 2022,
7: 4606{4613

144 Barron J T, Mildenhall B, Tancik M, et al. Mip-nerf: a mult iscale representation for anti-aliasing neural radiance � elds. In: Proceedings
of the IEEE/CVF International Conference on Computer Visio n, 2021. 5855{5864

145 Grinvald M, Furrer F, Novkovic T, et al. Volumetric insta nce-aware semantic mapping and 3D object discovery. IEEE Robot Autom
Lett , 2019, 4: 3037{3044

146 Chaplot D S, Gandhi D, Gupta A, et al. Object goal navigati on using goal-oriented semantic exploration. In: Proceedi ngs of Advances
in Neural Information Processing Systems, 2020

147 Li Z, Wegner J D, Lucchi A. Topological map extraction fro m overhead images. In: Proceedings of the IEEE/CVF Internat ional Conference
on Computer Vision, 2019. 1715{1724

148 Chen K, Chen J K, Chuang J, et al. Topological planning wit h transformers for vision-and-language navigation. In: Pr oceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recogni tion, 2021. 11276{11286

149 Armeni I, He Z Y, Gwak J, et al. 3d scene graph: a structure f or uni�ed semantics, 3d space, and camera. In: Proceedings o f the
IEEE/CVF International Conference on Computer Vision, 201 9. 5664{5673

150 Wald J, Dhamo H, Navab N, et al. Learning 3d semantic scene graphs from 3d indoor reconstructions. In: Proceedings of t he IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 202 0. 3961{3970

151 Chang Y, Hughes N, Ray A, et al. Hydra-multi: collaborati ve online construction of 3d scene graphs with multi-robot t eams. In:
Proceedings of 2023 IEEE/RSJ International Conference on I ntelligent Robots and Systems (IROS), 2023. 10995{11002

152 Rosinol A, Gupta A, Abate M, et al. 3d dynamic scene graphs : actionable spatial perception with places, objects, and h umans. Robotics:
Science and Systems XVI, 2020, doi: 10.15607/RSS.2020.XVI .079

153 Rosinol A, Violette A, Abate M, et al. Kimera: from SLAM to spatial perception with 3D dynamic scene graphs. Int J Robotics Res ,
2021, 40: 1510{1546

154 Agia C, Jatavallabhula K M, Khodeir M, et al. Taskography : evaluating robot task planning over large 3d scene graphs. 2022.
ArXiv: 2207.05006

155 Yan X, Yuan Z, Du Y, et al. Comprehensive visual question a nswering on point clouds through compositional scene manip ulation. IEEE
Trans Visual Comput Graphics , 2024, 30: 7473{7485

156 Ravichandran Z, Peng L, Hughes N, et al. Hierarchical rep resentations and explicit memory: learning e�ective navig ation policies on 3d
scene graphs using graph neural networks. In: Proceedings o f 2022 International Conference on Robotics and Automation (ICRA), 2022.
9272{9279

157 Huang C, Mees O, Zeng A, et al. Visual language maps for rob ot navigation. In: Proceedings of 2023 IEEE International C onference on
Robotics and Automation (ICRA), 2023. 10608{10615

158 Chen B, Xia F, Ichter B, et al. Open-vocabulary queryable scene representations for real world planning. In: Proceed ings of 2023 IEEE
International Conference on Robotics and Automation (ICRA ), 2023. 11509{11522

159 Jatavallabhula K M, Kuwajerwala A, Gu Q, et al. Conceptfu sion: open-set multimodal 3d mapping. 2023. ArXiv: 2302.07241
160 Hong Y, Zhen H, Chen P, et al. 3d-llm: Injecting the 3d worl d into large language models. In: Proceedings of Advances in Neural

Information Processing Systems, 2023. 36: 20482{20494
161 Sha�ullah N, Paxton C, Pinto L, et al. Clip-�elds: weakly supervised semantic �elds for robotic memory. 2022. ArXiv: 2210.05663
162 Kerr J, Kim C M, Goldberg K, et al. Lerf: language embedded radiance �elds. In: Proceedings of the IEEE/CVF Internatio nal Conference

on Computer Vision, 2023. 19672{19682
163 Gervet T, Xian Z, Gkanatsios N, et al. Act3d: 3d feature �e ld transformers for multi-task robotic manipulation. 2023 . ArXiv: 2306.17817
164 Jiang H, Xu Y, Zeng Y, et al. Openocc: open vocabulary 3d sc ene reconstruction via occupancy representation. In: Proc eedings of

IEEE/RSJ International Conference on Intelligent Robots a nd Systems (IROS), 2024. 1145{1152
165 Deng Y, Wang J, Zhao J, et al. OpenGraph: open-vocabulary hierarchical 3D graph representation in large-scale outdo or environments.

IEEE Robot Autom Lett , 2024, 9: 8402{8409
166 Honerkamp D, B•uchner M, Despinoy F, et al. Language-gro unded dynamic scene graphs for interactive object search wi th mobile

manipulation. IEEE Robot Autom Lett , 2024, 9: 8298{8305
167 Gu Q, Kuwajerwala A, Morin S, et al. Conceptgraphs: open- vocabulary 3d scene graphs for perception and planning. In: Proceedings of

IEEE International Conference on Robotics and Automation ( ICRA), 2024. 5021{5028
168 Wu J, Li X, Xu S, et al. Towards open vocabulary learning: a survey. IEEE Trans Pattern Analy Mach Intell, 2024, doi:

10.1109/TPAMI.2024.3361862
169 Xie F, Schwertfeger S. Empowering robot path planning wi th large language models: osmag map topology & hierarchy com prehension

with LLMs. In: Proceedings of IEEE International Conferenc e on Robotics and Biomimetics (ROBIO), 2024. 707{712
170 Deguchi H, Shibata K, Taguchi S. Language to map: topolog ical map generation from natural language path instruction s. In: Proceedings

of IEEE International Conference on Robotics and Automatio n (ICRA), 2024. 9556{9562
171 Shan T, Englot B. Lego-loam: lightweight and ground-opt imized lidar odometry and mapping on variable terrain. In: P roceedings of

2018 IEEE/RSJ International Conference on Intelligent Rob ots and Systems (IROS), 2018. 4758{4765
172 Frosi M, Matteucci M. ART-SLAM: accurate real-time 6DoF LiDAR SLAM. IEEE Robot Autom Lett , 2022, 7: 2692{2699
173 Droeschel D, Behnke S. E�cient continuous-time slam for 3d lidar-based online mapping. In: Proceedings of 2018 IEEE International

Conference on Robotics and Automation (ICRA), 2018. 5000{5 007
174 Davison A J, Reid I D, Molton N D, et al. MonoSLAM: real-tim e single camera SLAM. IEEE Trans Pattern Anal Mach Intell , 2007, 29:

1052{1067
175 Mur-Artal R, Montiel J M M, Tardos J D. ORB-SLAM: a versati le and accurate monocular SLAM system. IEEE Trans Robot , 2015, 31:

1147{1163
176 Pumarola A, Vakhitov A, Agudo A, et al. Pl-slam: real-tim e monocular visual slam with points and lines. In: Proceedin gs of 2017 IEEE

International Conference on Robotics and Automation (ICRA ), 2017. 4503{4508
177 Sirtkaya S, Seymen B, Alatan A A. Loosely coupled Kalman � ltering for fusion of visual odometry and inertial navigati on. In: Proceedings

of the 16th International Conference on Information Fusion , 2013. 219{226



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:31

178 Zhang J, Singh S. Laser-visual-inertial odometry and ma pping with high robustness and low drift. J Field Robotics , 2018, 35: 1242{1264
179 Mourikis A I, Roumeliotis S I. A multi-state constraint K alman �lter for vision-aided inertial navigation. In: Proc eedings of IEEE

International Conference on Robotics and Automation, 2007 . 3565{3572
180 Qin T, Li P, Shen S. VINS-Mono: a robust and versatile mono cular visual-inertial state estimator. IEEE Trans Robot , 2018, 34: 1004{1020
181 Lin J, Zhang F. R3live: a robust, real-time, rgb-colored , lidar-inertial-visual tightly-coupled state estimatio n and mapping package. In:

Proceedings of 2022 International Conference on Robotics a nd Automation (ICRA), 2022. 10672{10678
182 Zhao S, Zhang H, Wang P, et al. Super odometry: imu-centri c lidar-visual-inertial estimator for challenging enviro nments. In: Proceedings

of 2021 IEEE/RSJ International Conference on Intelligent R obots and Systems (IROS), 2021. 8729{8736
183 Yin J, Li A, Xi W, et al. Ground-fusion: a low-cost ground s lam system robust to corner cases. In: Proceedings of IEEE In ternational

Conference on Robotics and Automation (ICRA), 2024. 8603{8 609
184 Kang R, Shi J, Li X, et al. Df-slam: a deep-learning enhanc ed visual slam system based on deep local features. 2019. ArX iv: 1901.07223
185 Sarlin P E, DeTone D, Malisiewicz T, et al. Superglue: lea rning feature matching with graph neural networks. In: Proc eedings of the

IEEE/CVF Conference on Computer Vision and Pattern Recogni tion, 2020. 4937{4946
186 Osman H, Darwish N, Bayoumi A E M. LoopNet: where to focus? Detecting loop closures in dynamic scenes. IEEE Robot Autom Lett ,

2022, 7: 2031{2038
187 Liu K, Cao M. DLC-SLAM: a robust LiDAR-SLAM system with le arning-based denoising and loop closure. IEEE ASME Trans Mechatron ,

2023, 28: 2876{2884
188 Wang S, Clark R, Wen H, et al. End-to-end, sequence-to-se quence probabilistic visual odometry through deep neural n etworks. Int J

Robotics Res , 2018, 37: 513{542
189 Iyer G, Krishna Murthy J, Gupta G, et al. Geometric consis tency for self-supervised end-to-end visual odometry. In: Proceedings of the

IEEE Conference on Computer Vision and Pattern Recognition Workshops, 2018. 267{275
190 Li S, Wu X, Cao Y, et al. Generalizing to the open world: dee p visual odometry with online adaptation. In: Proceedings o f the IEEE/CVF

Conference on Computer Vision and Pattern Recognition, 202 1. 13184{13193
191 Yin H, Chen R, Wang Y, et al. RaLL: end-to-end radar locali zation on lidar map using di�erentiable measurement model. IEEE Trans

Intell Transp Syst , 2021, 23: 6737{6750
192 Mirjalili R, Krawez M, Burgard W. Fm-loc: using foundati on models for improved vision-based localization. In: Proc eedings of 2023

IEEE/RSJ International Conference on Intelligent Robots a nd Systems (IROS), 2023. 1381{1387
193 Kassab C, Mattamala M, Zhang L, et al. Language-extended indoor slam (lexis): a versatile system for real-time visua l scene under-

standing. In: Proceedings of 2024 IEEE International Confe rence on Robotics and Automation (ICRA), 2024. 15988{15994
194 Keetha N, Mishra A, Karhade J, et al. AnyLoc: towards univ ersal visual place recognition. IEEE Robot Autom Lett , 2024, 9: 1286{1293
195 Lu F, Zhang L, Lan X, et al. Towards seamless adaptation of pre-trained models for visual place recognition. 2024. ArX iv: 2402.14505
196 Thomas A, Kinnari J, Lusk P C, et al. Sos-match: segmentat ion for open-set robust correspondence search and robot loc alization in

unstructured environments, 2024. ArXiv: 2401.04791
197 Thomas H, Zhang J. Embedding pose graph, enabling 3d foun dation model capabilities with a compact representation. 2 024.

ArXiv: 2403.13777
198 He Y, Cisneros I, Keetha N V, et al. Foundloc: vision-base d onboard aerial localization in the wild. 2023. ArXiv: 2310.16299
199 Bahram M, Lawitzky A, Friedrichs J, et al. A game-theoret ic approach to replanning-aware interactive scene predict ion and planning.

IEEE Trans Veh Technol , 2015, 65: 3981{3992
200 Paxton C, Raman V, Hager G D, et al. Combining neural netwo rks and tree search for task and motion planning in challengi ng

environments. In: Proceedings of 2017 IEEE/RSJ Internatio nal Conference on Intelligent Robots and Systems (IROS), 20 17. 6059{6066
201 Varlamov O. Brains" for robots: application of the mivar expert systems for implementation of autonomous intellige nt robots. Big Data

Res, 2021, 25: 100241
202 Mendon�ca M, de Arruda L V R, Neves J F. Autonomous navigat ion system using event driven-fuzzy cognitive maps. Appl Intell , 2012,

37: 175{188
203 Leonetti M, Iocchi L, Stone P. A synthesis of automated pl anning and reinforcement learning for e�cient, robust deci sion-making. Artif

Intelligence , 2016, 241: 103{130
204 Yang F, Lyu D, Liu B, et al. Peorl: Integrating symbolic pl anning and hierarchical reinforcement learning for robust decision-making.

In: Proceedings of the 27th International Joint Conference on Arti�cial Intelligence, 2018
205 Garrett C R, Chitnis R, Holladay R, et al. Integrated task and motion planning. Annu Rev Contr Robot, 2021, 4: 265{293
206 Cheng S, Xu D. LEAGUE: guided skill learning and abstract ion for long-horizon manipulation. IEEE Robot Autom Lett , 2023, 8:

6451{6458
207 Thomas A, Mastrogiovanni F, Baglietto M. MPTP: motion-p lanning-aware task planning for navigation in belief space . Robotics Au-

tonomous Syst , 2021, 141: 103786
208 Shamsah A, Gu Z, Warnke J, et al. Integrated task and motio n planning for safe legged navigation in partially observab le environments.

IEEE Trans Robot , 2023, 39: 4913{4934
209 Guan L, Valmeekam K, Sreedharan S, et al. Leveraging pre- trained large language models to construct and utilize worl d models for

model-based task planning. In: Proceedings of Advances in N eural Information Processing Systems, 2023. 36: 79081{790 94
210 Ding Y, Zhang X, Amiri S, et al. Integrating action knowle dge and LLMs for task planning and situation handling in open worlds. Auton

Robot , 2023, 47: 981{997
211 Wu Z, Wang Z, Xu X, et al. Embodied task planning with large language models. 2023. ArXiv: 2307.01848
212 Rana K, Haviland J, Garg S, et al. Sayplan: grounding larg e language models using 3d scene graphs for scalable task pla nning. 2023.

ArXiv: 2307.06135
213 Yuan J, Sun S, Omeiza D, et al. Rag-driver: generalisable driving explanations with retrieval-augmented in-contex t learning in multi-

modal large language model. 2024. ArXiv: 2402.10828
214 Wang S, Han M, Jiao Z, et al. Llm 3 : large language model-based task and motion planning with m otion failure reasoning, 2024.

ArXiv: 2403.11552
215 Shah D, Equi M, Osinski B, et al. Navigation with large lan guage models: Semantic guesswork as a heuristic for plannin g. 2023.

ArXiv: 2310.10103
216 Yao S, Zhao J, Yu D, et al. React: synergizing reasoning an d acting in language models. 2022. ArXiv: 2210.03629
217 Fu D, Li X, Wen L, et al. Drive like a human: rethinking auto nomous driving with large language models. In: Proceedings of the

IEEE/CVF Winter Conference on Applications of Computer Vis ion, 2024. 910{919
218 Ding Y, Zhang X, Paxton C, et al. Task and motion planning w ith large language models for object rearrangement. In: Pro ceedings of

2023 IEEE/RSJ International Conference on Intelligent Rob ots and Systems (IROS), 2023. 2086{2092
219 Xie Y, Yu C, Zhu T, et al. Translating natural language to p lanning goals with large-language models. 2023. ArXiv: 2302.05128
220 Zhang C, Chen J, Li J, et al. Large language models for huma n-robot interaction: a review. Biomimetic Intelligence Robotics , 2023, 3:

100131
221 Bohren J, Foote T, Keller J, et al. Little Ben: The Ben Fran klin Racing Team's entry in the 2007 DARPA Urban Challenge. J Field

Robotics , 2008, 25: 598{614
222 Yao J, Lin C, Xie X, et al. Path planning for virtual human m otion using improved A* star algorithm. In: Proceedings of 2 010 Seventh

international conference on information technology: new g enerations, 2010. 1154{1158
223 Dijkstra E W. A note on two problems in connexion with grap hs. In: Edsger Wybe Dijkstra: His Life, Work, and Legacy. New York:



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:32

Association for Computing Machinery, 2022. 287{290
224 Elbanhawi M, Simic M. Sampling-based robot motion plann ing: a review. IEEE Access , 2014, 2: 56{77
225 Klemm S, Oberl•ander J, Hermann A, et al. Rrt*-connect: f aster, asymptotically optimal motion planning. In: Procee dings of 2015 IEEE

International Conference on Robotics and Biomimetics (ROB IO), 2015. 1670{1677
226 Paden B, Cap M, Yong S Z, et al. A survey of motion planning a nd control techniques for self-driving urban vehicles. IEEE Trans Intell

Veh , 2016, 1: 33{55
227 Khatib O. Real-time obstacle avoidance for manipulator s and mobile robots. Int J Robotics Res , 1986, 5: 90{98
228 Fox D, Burgard W, Thrun S. The dynamic window approach to c ollision avoidance. IEEE Robot Automat Mag , 1997, 4: 23{33
229 R•osmann C, Feiten W, W•osch T, et al. Trajectory modi�ca tion considering dynamic constraints of autonomous robots . In: Proceedings

of the 7th German Conference on Robotics, 2012. 1{6
230 Eysenbach B, Salakhutdinov R R, Levine S. Search on the re play bu�er: Bridging planning and reinforcement learning. In: Proceedings

of Advances in Neural Information Processing Systems, 2019
231 Lv L, Zhang S, Ding D, et al. Path planning via an improved D QN-based learning policy. IEEE Access , 2019, 7: 67319{67330
232 Jurgenson T, Tamar A. Harnessing reinforcement learnin g for neural motion planning. 2019. ArXiv: 1906.00214
233 Hamandi M, D'Arcy M, Fazli P. Deepmotion: learning to nav igate like humans. In: Proceedings of 2019 28th IEEE Interna tional

Conference on Robot and Human Interactive Communication (R O-MAN), 2019. 1{7
234 Qureshi A H, Miao Y, Simeonov A, et al. Motion planning net works: bridging the gap between learning-based and classic al motion

planners. IEEE Trans Robot , 2020, 37: 48{66
235 Huh J, Isler V, Lee D D. Cost-to-go function generating ne tworks for high dimensional motion planning. In: Proceedin gs of 2021 IEEE

International Conference on Robotics and Automation (ICRA ), 2021. 8480{8486
236 Ichter B, Pavone M. Robot motion planning in learned late nt spaces. IEEE Robot Autom Lett , 2019, 4: 2407{2414
237 Shah D, Eysenbach B, Kahn G, et al. Ving: learning open-wo rld navigation with visual goals. In: Proceedings of 2021 IE EE International

Conference on Robotics and Automation (ICRA), 2021. 13215{ 13222
238 Zhou G, Hong Y, Wu Q. Navgpt: explicit reasoning in vision -and-language navigation with large language models. In: P roceedings of

the AAAI Conference on Arti�cial Intelligence, 2024. 7641{ 7649
239 Song C H, Sadler B M, Wu J, et al. LLM-planner: few-shot gro unded planning for embodied agents with large language mode ls. In:

Proceedings of IEEE/CVF International Conference on Compu ter Vision (ICCV), 2023
240 Lin B, Nie Y, Wei Z, et al. NavCoT: boosting LLM-based visi on-and-language navigation via learning disentangled rea soning. IEEE

Trans Pattern Anal Mach Intell , 2025, 47: 5945{5957
241 Rajvanshi A, Sikka K, Lin X, et al. Saynav: grounding larg e language models for dynamic planning to navigation in new e nvironments.

In: Proceedings of the International Conference on Automat ed Planning and Scheduling, 2024. 464{474
242 Cai W, Huang S, Cheng G, et al. Bridging zero-shot object n avigation and foundation models through pixel-guided navi gation skill. 2023.

ArXiv: 2309.10309
243 Shah D, Osi�nski B, Levine S, et al. Lm-nav: robotic navig ation with large pre-trained models of language, vision, an d action. In:

Proceedings of Conference on robot learning, 2023. 492{504
244 Chen J, Li G, Kumar S, et al. How to not train your dragon: tr aining-free embodied object goal navigation with semantic frontiers. 2023.

ArXiv: 2305.16925
245 Yu B, Kasaei H, Cao M. L3mvn: Leveraging large language mo dels for visual target navigation. In: Proceedings of 2023 I EEE/RSJ

International Conference on Intelligent Robots and System s (IROS), 2023. 3554{3560
246 Xie Q, Zhang T, Xu K, et al. Reasoning about the unseen for e �cient outdoor object navigation. 2023. ArXiv: 2309.10103
247 Park M, Lee S, Han W. Development of steering control syst em for autonomous vehicle using geometry-based path tracki ng algorithm.

ETRI J , 2015, 37: 617{625
248 Hu C, Wang R, Yan F, et al. Should the desired heading in pat h following of autonomous vehicles be the tangent direction of the desired

Path? IEEE Trans Intell Transp Syst , 2015, 16: 3084{3094
249 Lee K, Jeon S, Kim H, et al. Optimal path tracking control o f autonomous vehicle: adaptive full-state linear quadrati c Gaussian (LQG)

control. IEEE Access , 2019, 7: 109120
250 Sun C, Zhang X, Zhou Q, et al. A model predictive controlle r with switched tracking error for autonomous vehicle path t racking. IEEE

Access, 2019, 7: 53103{53114
251 Tang Z, Xu X, Wang F, et al. Coordinated control for path fo llowing of two-wheel independently actuated autonomous gr ound vehicle.

IET Intelligent Trans Sys , 2019, 13: 628{635
252 Tang L, Yan F, Zou B, et al. An improved kinematic model pre dictive control for high-speed path tracking of autonomous vehicles. IEEE

Access, 2020, 8: 51400{51413
253 Bojarski M, Testa D, Dworakowski D, et al. End to end learn ing for self-driving cars. 2016. ArXiv: 1604.07316
254 Hecker S, Dai D, Van Gool L. End-to-end learning of drivin g models with surround-view cameras and route planners. In: Proceedings of

the European Conference on Computer Vision (ECCV), 2018. 43 5{453
255 Hawke J, Shen R, Gurau C, et al. Urban driving with conditi onal imitation learning. In: Proceedings of 2020 IEEE Inter national

Conference on Robotics and Automation (ICRA), 2020. 251{25 7
256 Takeda T, Hirata Y, Kosuge K. Dance step estimation metho d based on HMM for dance partner robot. IEEE Trans Ind Electron , 2007,

54: 699{706
257 Calinon S, D'halluin F, Sauser E, et al. Learning and repr oduction of gestures by imitation. IEEE Robot Automat Mag , 2010, 17: 44{54
258 Finn C, Levine S, Abbeel P. Guided cost learning: deep inv erse optimal control via policy optimization. In: Proceedi ngs of International

Conference on Machine Learning, 2016. 49{58
259 Sadigh D, Sastry S, Seshia S A, et al. Planning for autonom ous cars that leverage e�ects on human actions. In: Proceedi ngs of Robotics:

Science and Systems, Ann Arbor, 2016. 1{9
260 Peng X B, Abbeel P, Levine S, et al. DeepMimic: example-gu ided deep reinforcement learning of physics-based charact er skills. ACM

Trans Graph , 2018, 37: 1{14
261 Krishnan S, Garg A, Liaw R, et al. SWIRL: a sequential wind owed inverse reinforcement learning algorithm for robot ta sks with delayed

rewards. Int J Robotics Res , 2019, 38: 126{145
262 P
ueger M, Agha A, Sukhatme G S. Rover-IRL: inverse reinf orcement learning with soft value iteration networks for pl anetary rover path

planning. IEEE Robot Autom Lett , 2019, 4: 1387{1394
263 Das N, Bechtle S, Davchev T, et al. Model-based inverse re inforcement learning from visual demonstrations. In: Proc eedings of Conference

on Robot Learning, 2021. 1930{1942
264 Huang Z, Liu H, Wu J, et al. Conditional predictive behavi or planning with inverse reinforcement learning for human- like autonomous

driving. IEEE Trans Intell Transp Syst , 2023, 24: 7244{7258
265 Baram N, Anschel O, Caspi I, et al. End-to-end di�erentia ble adversarial imitation learning. In: Proceedings of Int ernational Conference

on Machine Learning, 2017. 390{399
266 Li Y, Song J, Ermon S. Infogail: interpretable imitation learning from visual demonstrations. In: Proceedings of Ad vances in Neural

Information Processing Systems, 2017
267 Merel J, Tassa Y, TB D, et al. Learning human behaviors fro m motion capture by adversarial imitation. 2017. ArXiv: 1707.02201
268 Li C, Vlastelica M, Blaes S, et al. Learning agile skills v ia adversarial imitation of rough partial demonstrations. In: Proceedings of

Conference on Robot Learning, 2023. 342{352



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:33

269 Li Z, Cheng X, Peng X B, et al. Reinforcement learning for r obust parameterized locomotion control of bipedal robots. In: Proceedings
of 2021 IEEE International Conference on Robotics and Autom ation (ICRA), 2021. 2811{2817

270 Lee J, Hwangbo J, Wellhausen L, et al. Learning quadruped al locomotion over challenging terrain. Sci Robot , 2020, 5: eabc5986
271 Kiran B R, Sobh I, Talpaert V, et al. Deep reinforcement le arning for autonomous driving: a survey. IEEE Trans Intell Transp Syst ,

2021, 23: 4909{4926
272 Wurman P R, Barrett S, Kawamoto K, et al. Outracing champi on Gran Turismo drivers with deep reinforcement learning. Nature , 2022,

602: 223{228
273 Feng S, Sun H, Yan X, et al. Dense reinforcement learning f or safety validation of autonomous vehicles. Nature , 2023, 615: 620{627
274 Song Y, Romero A, M•uller M, et al. Reaching the limit in au tonomous racing: optimal control versus reinforcement lea rning. Sci Robot ,

2023, 8: eadg1462
275 Kaufmann E, Bauersfeld L, Loquercio A, et al. Champion-l evel drone racing using deep reinforcement learning. Nature , 2023, 620:

982{987
276 Deisenroth M, Rasmussen C E. Pilco: a model-based and dat a-e�cient approach to policy search. In: Proceedings of the 28th International

Conference on Machine Learning (ICML-11), 2011. 465{472
277 Chua K, Calandra R, McAllister R, et al. Deep reinforceme nt learning in a handful of trials using probabilistic dynam ics models. In:

Proceedings of Advances in Neural Information Processing S ystems, 2018
278 Moerland T M, Broekens J, Plaat A, et al. Model-based rein forcement learning: a survey. Foundations and Trends r in Machine Learning,

2023, 16: 1{118
279 Feinberg V, Wan A, Stoica I, et al. Model-based value esti mation for e�cient model-free reinforcement learning. 201 8. ArXiv: 1803.00101
280 Janner M, Fu J, Zhang M, et al. When to trust your model: mod el-based policy optimization. In: Proceedings of Advances in Neural

Information Processing Systems, 2019
281 Wang Y J, Zhang B, Chen J, et al. Prompt a robot to walk with l arge language models. 2024. ArXiv: 2309.09969
282 Xu Z, Zhu L. Training microrobots to swim by a large langua ge model. Phys Rev Appl , 2025, 23: 044058
283 Purcell E M. Life at low Reynolds number. In: Physics and O ur World. Singapore: World Scienti�c, 2014. 47{67
284 Naja� A, Golestanian R. Simple swimmer at low Reynolds nu mber: Three linked spheres. Phys Rev E , 2004, 69: 062901
285 Sha H, Mu Y, Jiang Y, et al. Languagempc: large language mo dels as decision makers for autonomous driving. 2023. ArXiv :2310.03026
286 Kevian D, Syed U, Guo X, et al. Capabilities of large langu age models in control engineering: A benchmark study on GPT- 4, Claude 3

opus, and Gemini 1.0 ultra. 2024. ArXiv: 2404.03647
287 Huang L, Yu W, Ma W, et al. A survey on hallucination in larg e language models: Principles, taxonomy, challenges, and o pen questions.

2023. ArXiv: 2311.05232
288 Liu Y, Zhang K, Li Y, et al. Sora: a review on background, te chnology, limitations, and opportunities of large vision m odels. 2024.

ArXiv: 2402.17177
289 Kwak J H, Lee J, Whang J J, et al. Semantic grasping via a kno wledge graph of robotic manipulation: a graph representati on learning

approach. IEEE Robot Autom Lett , 2022, 7: 9397{9404
290 Minderer M, Gritsenko A, Stone A, et al. Simple open-voca bulary object detection. In: Proceedings of European Confe rence on Computer

Vision, 2022. 728{755
291 Xu R, Wang X, Wang T, et al. Pointllm: empowering large lan guage models to? Understand point clouds. In: Proceedings o f European

Conference on Computer Vision, 2025. 131{147
292 Qi Z, Fang Y, Sun Z, et al. Gpt4point: a uni�ed framework fo r point-language understanding and generation. In: Procee dings of

IEEE/CVF Conference on Computer Vision and Pattern Recogni tion (CVPR), 2024. 26407{26417
293 Hung W C, Jampani V, Liu S, et al. Scops: self-supervised c o-part segmentation. In: Proceedings of IEEE/CVF Conferen ce on Computer

Vision and Pattern Recognition (CVPR), 2019
294 Shi Y, Long P, Xu K, et al. Data-driven contextual modelin g for 3D scene understanding. Comput Graphics , 2016, 55: 55{67
295 Zhang B, Soh H. Extract, de�ne, canonicalize: an LLM-bas ed framework for knowledge graph construction. In: Proceed ings of the 2024

Conference on Empirical Methods in Natural Language Proces sing, 2024. 9820{9836
296 Zhao G, Ni C, Wang X, et al. Drivedreamer4d: world models a re e�ective data machines for 4D driving scene representati on. 2024.

ArXiv: 2410.13571
297 Xu X, Li M, Tao C, et al. A survey on knowledge distillation of large language models. ArXiv: 2402.13116
298 Sun M, Yan W, Abbeel P, et al. Quantifying uncertainty in f oundation models via ensembles. In: Proceedings of NeurlPS , 2022
299 Chu T, Zhai Y, Yang J, et al. Sft memorizes, RL generalizes : a comparative study of foundation model post-training. 20 25.

ArXiv: 2501.17161
300 Ahmadi S, Cheraghian A, Saberi M, et al. Foundation model -powered 3d few-shot class incremental learning via traini ng-free adaptor.

In: Computer Vision|ACCV 2024. Singapore: Springer, 2025. 178{195
301 Liu F, Zhang T, Dai W, et al. Few-shot adaptation of multi- modal foundation models: a survey. Artif Intell Rev , 2024, 57: 268
302 Liu S, Wu L, Li B, et al. Rdt-1b: a di�usion foundation mode l for bimanual manipulation. 2024. ArXiv: 2410.07864
303 Lu Y, Xue Z, Xia G S, et al. A survey on vision-based UAV navi gation. Geo-spatial Inf Sci , 2018, 21: 21{32
304 Tuna T, Nubert J, Nava Y, et al. X-ICP: localizability-aw are LiDAR registration for robust localization in extreme e nvironments. IEEE

Trans Robot , 2024, 40: 452{471
305 Yang G Z, Bellingham J, Dupont P E, et al. The grand challen ges of science robotics. Sci Robot , 2018, 3: eaar7650
306 Gould J L, Gould C G. Nature's Compass: The Mystery of Anim al Navigation. Princeton: Princeton University Press, 201 2
307 Mouritsen H. Long-distance navigation and magnetorece ption in migratory animals. Nature , 2018, 558: 50{59
308 Pulverm•uller F, Fadiga L. Active perception: sensorim otor circuits as a cortical basis for language. Nat Rev Neurosci , 2010, 11: 351{360
309 Byravan A, Humplik J, Hasenclever L, et al. Nerf2real: Si m2real transfer of vision-guided bipedal motion skills usi ng neural radiance

�elds. In: Proceedings of IEEE International Conference on Robotics and Automation (ICRA), 2023
310 Hsu C C, Jiang Z, Zhu Y. Ditto in the house: building articu lation models of indoor scenes through interactive percept ion. In: Proceedings

of 2023 IEEE International Conference on Robotics and Autom ation (ICRA), 2023. 3933{3939
311 Xiao X, Wang J, Feng P, et al. Fast human motion reconstruc tion from sparse inertial measurement units considering th e human shape.

Nat Commun , 2024, 15: 2423
312 Mao Q, Liao Z, Yuan J, et al. Multimodal tactile sensing fu sed with vision for dexterous robotic housekeeping. Nat Commun , 2024, 15:

6871
313 Vianello L, Mouret J B, Dalin E, et al. Human posture predi ction during physical human-robot interaction. IEEE Robot Autom Lett ,

2021, 6: 6046{6053
314 Wang P, Xie Z, Xin W, et al. Sensing expectation enables si multaneous proprioception and contact detection in an inte lligent soft

continuum robot. Nat Commun , 2024, 15: 9978
315 Ugur E, Nagai Y, Sahin E, et al. Staged development of robo t skills: behavior formation, a�ordance learning and imita tion with motionese.

IEEE Trans Auton Mental Dev , 2015, 7: 119{139
316 D��az Ledezma F, Haddadin S. Machine learning-driven se lf-discovery of the robot body morphology. Sci Robot , 2023, 8: eadh0972
317 Miki T, Lee J, Hwangbo J, et al. Learning robust perceptiv e locomotion for quadrupedal robots in the wild. Sci Robot , 2022, 7: eabk2822
318 Kahneman D. A perspective on judgment and choice: mappin g bounded rationality. Am Psychologist , 2003, 58: 697{720
319 Hoi S C H, Sahoo D, Lu J, et al. Online learning: a comprehen sive survey. Neurocomputing , 2021, 459: 249{289
320 Ponnusamy P, Ghias A, Yi Y, et al. Feedback-based self-le arning in large-scale conversational AI agents. AIMag , 2022, 42: 43{56



Yang Y , et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 151201:34

321 Ge Y, Macaluso A, Li L E, et al. Policy adaptation from foun dation model feedback. In: Proceedings of the IEEE/CVF Conf erence on
Computer Vision and Pattern Recognition, 2023. 19059{1906 9

322 Zhang Y, Yang Q. A survey on multi-task learning. IEEE Trans Knowl Data Eng , 2021, 34: 5586{5609
323 Yu J, Dai Y, Liu X, et al. Unleashing the power of multi-tas k learning: a comprehensive survey spanning traditional, d eep, and pretrained

foundation model eras. 2024. ArXiv: 2404.18961
324 Cox M T. Metacognition in computation: a selected resear ch review. Artif Intell , 2005, 169: 104{141
325 Li Z, Lin H, Lu Y, et al. Meta-cognitive analysis: evaluat ing declarative and procedural knowledge in datasets and la rge language models.

2024. ArXiv: 2403.09750
326 Ouyang L, Wu J, Jiang X, et al. Training language models to follow instructions with human feedback. In: Proceedings o f Advances in

Neural Information Processing Systems, 2022, 35: 27730{27 744
327 Yang X, Zhan R, Wong D F, et al. Human-in-the-loop machine translation with large language model. In: Proceedings of M achine

Translation Summit XIX, 2023
328 Yang S, Nachum O, Du Y, et al. Foundation models for decisi on making: problems, methods, and opportunities. 2023. ArX iv: 2303.04129
329 Shapiro L. Embodied Cognition. 2nd ed. London: Routledg e, 2019
330 Sha�ee M, Bellegarda G, Ijspeert A. Viability leads to th e emergence of gait transitions in learning agile quadruped al locomotion on

challenging terrains. Nat Commun , 2024, 15: 3073
331 Lee J, Bjelonic M, Reske A, et al. Learning robust autonom ous navigation and locomotion for wheeled-legged robots. Sci Robot , 2024,

9: eadi9641
332 Sun B, Li W, Wang Z, et al. Recent progress in modeling and c ontrol of bio-inspired �sh robots. J Marine Sci Eng , 2022, 10: 773
333 Truong X T, Ngo T D. Toward socially aware robot navigatio n in dynamic and crowded environments: a proactive social mo tion model.

IEEE Trans Automat Sci Eng , 2017, 14: 1743{1760
334 Yu W, Wang H, Li G, et al. Knowledge-aware global reasonin g for situation recognition. IEEE Trans Pattern Anal Mach Intell , 2023,

45: 8621{8633
335 Wei Y, Huang Q, Zhang Y, et al. Kicgpt: large language mode l with knowledge in context for knowledge graph completion. In:

Proceedings of Findings of the Association for Computation al Linguistics, 2023
336 Chen Z, Wu S, Shen S, et al. Co-optimization of velocity pl anning and energy management for autonomous plug-in hybrid electric vehicles

in urban driving scenarios. Energy , 2023, 263: 126060
337 Chu H, Zhuang H, Wang W, et al. A review of driving style rec ognition methods from short-term and long-term perspectiv es. IEEE

Trans Intell Veh , 2023, 8: 4599{4612
338 Zhang Q, Zhang T, Ma L. Human acceptance of autonomous veh icles: research status and prospects. Int J Industrial Ergonomics , 2023,

95: 103458
339 Guo Y, Guo Z, Wang Y, et al. A survey of trajectory planning methods for autonomous driving|part I: unstructured scena rios. IEEE

Trans Intell Veh , 2024, 9: 5407{5434
340 Seo J, Kim T, Kwak K, et al. ScaTE: a scalable framework for self- supervised traversability estimation in unstructur ed environments.

IEEE Robot Autom Lett , 2023, 8: 888{895
341 Mazzolai B, Kraus T, Pirrone N, et al. Towards new frontie rs for distributed environmental monitoring based on an eco system of plant

seed-like soft robots. In: Proceedings of the Conference on Information Technology for Social Good, 2021. 221{224
342 Raouhi E M, Zouizza M, Lachgar M, et al. AIDSII: an AI-base d digital system for intelligent irrigation. Software Impacts , 2023, 17:

100574
343 Ren M, Chen N, Qiu H. Human-machine collaborative decisi on-making: an evolutionary roadmap based on cognitive inte lligence. Int J

Soc Robotics , 2023, 15: 1101{1114
344 Mukherjee A, Divya A B, Sivvani M, et al. Cognitive intell igence in industrial robots and manufacturing. Comput Industrial Eng , 2024,

191: 110106
345 Fasth-Berglund �A, Stahre J. Cognitive automation strategy for recon�gurab le and sustainable assembly systems. Assembly Automation ,

2013, 33: 294{303
346 Pistone A, Canali C, Gloriani C, et al. Recon�gurable ins pection robot for industrial applications. Procedia Manufacturing , 2019, 38:

597{604
347 Yan R J, Kayacan E, Chen I M, et al. QuicaBot: quality inspe ction and assessment robot. IEEE Trans Automat Sci Eng , 2019, 16:

506{517
348 Ding H, Yang X, Zheng N, et al. Tri-Co robot: a Chinese robo tic research initiative for enhanced robot interaction cap abilities. Natl Sci

Rev , 2018, 5: 799{801
349 Li R, Lu B, McDonald-Maier K D. Cognitive assisted living ambient system: a survey. Digital Commun Netws , 2015, 1: 229{252
350 O'Neill A, Rehman A, Gupta A, et al. Open x-embodiment: ro botic learning datasets and RT-X models. 2023. ArXiv: 2310.08864
351 Bousmalis K, Vezzani G, Rao D, et al. Robocat: a self-impr oving foundation agent for robotic manipulation. 2023. ArX iv: 2306.11706
352 Ahn M, Brohan A, Brown N, et al. Do as I can, not as I say: grou nding language in robotic a�ordances. 2022. ArXiv: 2204.01691
353 Wilson G, Pereyda C, Raghunath N, et al. Robot-enabled su pport of daily activities in smart home environments. Cogn Syst Res , 2019,

54: 258{272
354 Di Napoli C, Ercolano G, Rossi S. Personalized home-care support for the elderly: a �eld experience with a social robo t at home. User

Model User-Adap Inter , 2023, 33: 405{440
355 Delmerico J, Mintchev S, Giusti A, et al. The current stat e and future outlook of rescue robotics. J Field Robotics , 2019, 36: 1171{1191
356 Fischer C, Gellersen H. Location and navigation support for emergency responders: a survey. IEEE Pervasive Comput , 2010, 9: 38{47
357 Yoshiike T, Koshiishi T, Kuroda M, et al. The experimenta l humanoid robot E2-DR: a design for inspection and disaster response in

industrial environments. IEEE Robot Automat Mag , 2019, 26: 46{58
358 Xia P, Xu F, Zhou T, et al. Benchmarking human versus robot performance in emergency structural inspection. J Constr Eng Manage ,

2022, 148: 04022070
359 Schaler E, Ansari A, Howell S, et al. Swim-sensing with in dependent micro-swimmers. 2022. https://ui.adsabs.harvard.edu/
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