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Abstract

The Internet of Vehicles (IoV) advances intelligent transportation by allowing
vehicles, roadside infrastructure, pedestrian devices, and edge and cloud resources
to share observations, computing resources, and traffic information. However, the
traditional IoV systems often process perception, scene understanding, driving
decisions, and vehicle control sequentially without continuously using feedback
from vehicle motion execution to update later understanding and decisions,
allowing state estimation and decision errors to persist across driving cycles and
resulting in outdated vehicle states, decisions inconsistent with traffic conditions,
and infeasible or unsafe maneuvers. Embodied intelligence forms a closed-loop in
which vehicles perceive traffic conditions, understand scene changes, make deci-
sions, execute control actions, and use environmental feedback to update later
perception and decisions. This closed-loop reduces error accumulation, aligns
traffic understanding with current road conditions, and improves vehicle action
feasibility and adaptability. Existing surveys have reviewed embodied intelligence
and related autonomous driving technologies. However, the closed-loop rela-
tionships among vehicle-to-everything (V2X) observations, traffic understanding,
driving decision-making, vehicle execution, and environmental feedback have not



been systematically examined. This survey organizes relevant studies around
intelligent vehicle perception, traffic scene understanding, driving policy gener-
ation, and vehicle motion control, and clarifies the closed-loop process in which
vehicles integrate multi-source observations collected by sensors to understand
the current traffic scene, generate driving policies, control vehicle motion, and
incorporate vehicle motion feedback into the next cycle of perception and decision
making. The survey also summarizes representative datasets, metrics, challenges,
and future directions for connected vehicles.

Keywords: Internet of Vehicles, Embodied intelligence, V2X communication,
Intelligent transportation

1 Introduction

The Internet of Vehicles (IoV) underpins safer and more efficient intelligent trans-
portation by enabling coordinated mobility across connected traffic entities. IoV is
a heterogeneous cyber—physical networking paradigm connecting vehicles, roadside
infrastructure, pedestrian devices, edge—cloud resources, and traffic management ser-
vices through vehicle-to-everything (V2X) communication (Contreras-Castillo et al.
2018). Cross-entity information exchange extends sensing beyond line of sight, reveals
occluded hazards, enables cooperative perception and computation offloading, sup-
ports coordinated maneuvers, and improves network-wide traffic management (Zhou
et al. 2020). However, packet loss and asynchronous updates delay hazard detection
in dynamic traffic environments. Short observation windows erase interaction his-
tory, weakening trend estimation and decision consistency. Limited execution feedback
reduces coordination reliability and motion feasibility during closed-loop operation.

Embodied intelligence is essential for autonomous systems because reliable adapta-
tion requires continuous coupling between environmental understanding and physical
action. Embodied intelligence characterizes physically grounded agents capable of per-
ceiving changing environments, reasoning over observations, executing actions, and
learning from subsequent feedback (Sun et al. 2024). Closed-loop interaction connects
perception, cognition, decision-making, execution, and feedback rather than treating
individual functions as isolated stages. Task-directed perception prioritizes critical
changes, while persistent memory links current observations with previous interac-
tions and action outcomes. Physical grounding incorporates body dynamics, actuation
limits, task constraints, and safety requirements into behavior generation, reducing
infeasible actions. Execution feedback supports online error correction and adaptation
to unexpected environmental responses. However, isolated embodied agents remain
constrained by local sensing, occlusion, computing capacity, and individual experi-
ence, limiting environmental coverage, long-horizon prediction, decision consistency,
and multi-agent coordination.

Embodied intelligence in IoV integrates networked traffic information with closed-
loop perception, cognition, decision-making, execution, and environmental feedback.
IoV provides distributed observations, V2X communication, and edge—cloud resources,



while embodied intelligence organizes networked information around goal-directed
physical interaction (Ignatious et al. 2023; Wang et al. 2022). Vehicle-centered embod-
ied agents can extend perception beyond onboard sensors and interpret shared
observations in relation to current traffic tasks (Zia et al. 2026). Persistent memory
connects current traffic states with previous interactions and execution outcomes, sup-
porting trend estimation and decision consistency. Physical grounding incorporates
vehicle dynamics, actuator limits, traffic rules, and safety requirements into behav-
ior generation, reducing infeasible or unsafe maneuvers. Execution feedback updates
state estimates and behavior strategies after environmental changes, limiting error
accumulation across repeated interaction cycles. The integration links system-level
connectivity with agent-level closed-loop intelligence, converting shared traffic infor-
mation into coordinated actions and execution outcomes into updated environmental
understanding.

Our survey is positioned as a structured review of embodied intelligence in IoV.
Existing studies are distributed across vehicular networking, cooperative perception,
traffic cognition, decision-making, and vehicle control, while related surveys generally
focus on individual technical directions or adjacent application domains. Our goal is
to connect relevant studies within a unified embodied process and clarify the technical
scope of embodied intelligence in IoV. The main contributions are summarized as
follows.

® JoV-Oriented Integration. We clarify the relationship among vehicles, ToV
environments, and embodied interaction. Vehicles operate as embodied agents in
dynamic traffic environments, while IoV provides the networked context for informa-
tion exchange, multi-agent interaction, edge-cloud support, and traffic coordination.
The resulting perspective connects physical vehicle intelligence with the broader
ToV system.

® Embodied Process Taxonomy. We organize existing methods according to
embodied perception, cognition, decision-making, and execution. The review cov-
ers multimodal and cooperative perception, traffic-scene understanding, intention
reasoning, memory and world models, driving and coordination decisions, action-
reference generation, and vehicle motion control. The taxonomy describes the
complete process from environmental observation to physical vehicle action.

® Datasets, Metrics, and Outlook. We summarize representative datasets for
perception, cognition, decision-making, and execution tasks. Quantitative metrics
are further reviewed for perception accuracy, reasoning accuracy, decision quality,
and execution quality. Major challenges and future research directions are discussed
to identify unresolved issues and potential developments in embodied intelligence
for ToV.

The overall organization of the survey is illustrated in Fig. 1. The survey begins
with the conceptual foundations, proceeds to the core technical process, and then sum-
marizes supporting resources, evaluation methods, and future research issues. Section
II reviews related work and presents the organization of this survey. Section III intro-
duces the foundations of IoV and embodied intelligence and clarifies the relationship
between embodied intelligence and networked traffic environments. Section IV reviews
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Fig. 1 Overall organization and structure of this survey.

the core techniques according to embodied perception, cognition, decision-making, and
execution. Section V summarizes representative datasets for the corresponding embod-
ied tasks. Section VI reviews quantitative metrics for evaluating perception accuracy,
reasoning accuracy, decision quality, and execution quality. Section VII discusses major
challenges and future research directions. Finally, Section VIII concludes the survey.



2 Related Work and Research Methodology
2.1 Related Work

Existing surveys have examined embodied intelligence from general, technique-
oriented, task-oriented, multi-agent, and domain-specific perspectives, as summarized
in Table 1. Duan et al. (2022) reviewed embodied artificial intelligence (AI) simula-
tors and representative research tasks, including visual exploration, visual navigation,
and embodied question answering, together with associated datasets and evaluation
metrics. Sun et al. (2024) summarized embodied intelligence through perception,
cognition, and behavior, while discussing representative architectures, development
challenges, and future research directions. Liu et al. (2025¢) provided a comprehensive
survey of embodied robots, simulators, embodied perception, embodied interaction,
embodied agents, and sim-to-real adaptation in the era of multimodal foundation
models. Xu et al. (2024) reviewed foundation models for robotics, with emphasis on
autonomous manipulation, high-level planning, low-level control, datasets, simulators,
and benchmarks. Ma et al. (2026) surveyed vision-language-action models by ana-
lyzing model architectures, training paradigms, task planning, action generation, and
representative embodied applications. Zheng et al. (2025¢) examined object-centric
robotic manipulation from the perspectives of embodied perception learning, policy
learning, task learning, datasets, and evaluation protocols. Wong et al. (2025) reviewed
physics simulators for robotic navigation and manipulation, covering simulation plat-
forms, hardware requirements, benchmark tasks, evaluation metrics, and sim-to-real
transfer. Liu et al. (2025b) surveyed embodied Al in healthcare across clinical inter-
vention, daily care, infrastructure support, and biomedical research, while discussing
enabling technologies, datasets, safety, and ethical concerns. Lisondra et al. (2026)
reviewed foundation-model-enabled embodied Al for mobile service robots, focusing
on multimodal perception, language-conditioned control, adaptive task execution, and
human-robot interaction. Feng et al. (2026) summarized multi-agent embodied Al
from the perspectives of environment interaction, agent communication, collaborative
learning, joint decision-making, benchmarks, and evaluation methods. Xu et al. (2025)
organized embodied intelligence for flexible manufacturing through the industrial eye,
industrial hand, and industrial brain, covering environmental perception, precision
manipulation, process planning, and production scheduling.

Among the existing surveys, Hu et al. (2026) is the most closely related to the
present work. Hu et al. organize multi-agent embodied autonomous driving around the
transition from V2X information exchange to shared world models, emphasizing state,
intent, and plan alignment for coordinated action. Different from this representation-
centered perspective, the present survey takes the closed-loop embodied process as its
primary organizing framework. The distinction lies in the level of analysis: a shared
world model focuses on the common representation through which multiple agents
align states, intentions, and plans for coordination, whereas the closed-loop perspective
follows how environmental information is transformed through perception, cognition,
and decision-making into physical vehicle actions, and how the resulting environmental
changes influence subsequent interaction. This difference is further reflected in the
technical organization of the two surveys. In the present taxonomy, world modeling is



positioned within embodied cognition, while physical execution is treated as a peer-
level technical stage covering vehicle motion control, cooperative motion control, and
safety-critical control.

Overall, existing surveys have established broad foundations across embodied per-
ception, cognition, decision-making, physical interaction, multi-agent collaboration,
and domain-specific applications. However, a process-level synthesis of embodied intel-
ligence in IoV remains limited: the connections through which networked perception
and traffic cognition lead to vehicle decision-making and physical execution, and
through which execution outcomes feed back into subsequent interaction, have not
been systematically organized within a unified vehicle-centered taxonomy. The present
survey is positioned around this closed-loop perspective and organizes the relevant
literature according to perception, cognition, decision-making, execution, and environ-
mental feedback. The differences between the reviewed surveys and the present survey
across major dimensions are summarized in Table 1.

2.2 Research methodology

(1)Search strategy: To identify studies relevant to embodied intelligence in the
Internet of Vehicles (IoV), we conducted a literature search covering publications from
2018 to 2026 in Web of Science, IEEE Xplore, SpringerLink, and Google Scholar. Broad
search terms related to embodied intelligence, Internet of Vehicles, V2X, connected and
autonomous vehicles, and autonomous driving were first used to define the research
scope. The search was subsequently refined using representative terms corresponding
to the four technical stages considered in this survey, including cooperative perception
and sensor fusion for perception, scene understanding and intention prediction for
cognition, driving decision-making, behavior planning, and maneuver coordination for
decision-making, and motion control, trajectory tracking, and cooperative control for
execution. These stage-specific terms were further cross-combined with established
AT and machine-learning terms, such as deep learning, reinforcement learning, deep
reinforcement learning, and multi-agent reinforcement learning, to identify Al-driven
studies relevant to each stage.

(2)Eligibility criteria: Studies were included when they contributed to percep-
tion, cognition, decision-making, execution, or interactions among these stages in IoV
and related traffic environments. Eligible studies reported technical methods, theo-
retical formulations, experimental evaluations, datasets, benchmarks, or evaluation
approaches relevant to the survey scope. Peer-reviewed journal and conference papers
were prioritized, while recent preprints were retained for rapidly developing topics
with limited peer-reviewed literature. Earlier seminal studies were additionally consid-
ered when needed to establish foundational concepts, classical methods, representative
datasets, or historical development. Studies were excluded when they were unrelated
to vehicular or traffic environments, focused solely on communication, networking,
computation, or resource management without a direct connection to the embodied
process, lacked sufficient technical relevance, or duplicated a more complete version of
the same work.



Table 1 Comparison of the present survey with representative embodied-intelligence surveys

Related work Year Domain Main focus Organization DS EM
Duan et al. (2022) 2022 General Embodied AI simulators  Simulators; visual v v
and research tasks exploration; visual
navigation; embodied QA
Sun et al. (2024) 2024 General Perception, cognition, and PCB-body and — v
behavior integration environment framework
Liu et al. (2025c) 2025 General Embodied AI across cyber Embodied perception; v -
and physical environments interaction; agents;
sim-to-real adaptation
Xu et al. (2024) 2024 Robotics Foundation models for High-level planning; v -
robotic manipulation low-level control
Ma et al. (2026) 2026 General VLA models for embodied VLA components; control v -
Al policies; task planners
Zheng et al. 2025 Robotics Embodied learning for Perceptual learning; policy Vv v
(2025¢) object-centric robotic learning; task-oriented
manipulation learning
Wong et al. 2025 Robotics Physics simulators for Navigation; manipulation v v
(2025) robotic navigation and
manipulation
Liu et al. (2025b) 2025 Healthcare Embodied AI capabilities Brain capabilities; v -
and applications in healthcare applications;
healthcare intelligence levels
Lisondra et al. 2026 Robotics Foundation models for Language-to-action,; — -
(2026) mobile service robots multimodal perception;
uncertainty; computation
Feng et al. (2026) 2026 General Multi-agent embodied AI  Single-agent foundations; - -
multi-agent methods;
benchmarks
Xu et al. (2025) 2025 Manufacturing Embodied intelligence for Industrial Eye; Industrial - -
flexible manufacturing Hand; Industrial Brain
Hu et al. (2026) 2026 Autonomous Shared world models for ~ V2X exchange — shared v -
driving multi-agent embodied world models —
autonomous driving coordinated action
This work 2026 Internet of Closed-loop Perception — cognition v

Vehicles mechanisms of
embodied intelligence

for IoV

Note: v indicates that the corresponding topic is systematically reviewed, whereas — indicates that it is not
systematically covered. “General” denotes surveys that are not restricted to a specific application domain.
QA: question answering; PCB: perception—cognition—behavior; VLA: vision-language-action; V2X: vehicle-
to-everything; IoV: Internet of Vehicles; DS: Datasets; EM: Evaluation Metric.

— decision-making —
execution in a closed
loop

(3)Screening and literature organization: The retrieved literature was
screened according to the above criteria. Duplicate records were first removed, fol-
lowed by title and abstract screening to exclude studies outside the survey scope.
The remaining studies were assessed through full-text review to confirm their rele-
vance to the four embodied stages or their cross-stage interactions. When necessary,
backward and forward citation checking was used to identify representative founda-
tional studies and recent related work not captured by the initial search. Finally, the
retained literature was organized according to the four-stage taxonomy adopted in this
survey, namely perception, cognition, decision-making, and execution, while datasets
and evaluation methods were reviewed separately. Studies involving multiple stages
were classified according to their primary technical focus, with relevant cross-stage
connections discussed where appropriate.



3 Preliminaries

3.1 Fundamentals of Internet of Vehicles

1) Internet of Vehicles Background: Vehicular ad hoc networks (VANETS) are
generally regarded as an early vehicular communication paradigm extended from
mobile ad hoc networks (MANETS) to road transportation scenarios. In VANETS,
vehicles act as highly mobile nodes to exchange local road information and support
short-range traffic coordination. However, high mobility, dynamic topology, inter-
mittent connectivity, and limited coverage restrict their support for large-scale and
persistent intelligent transportation services (Hartenstein and Laberteaux 2008). To
overcome these limitations, Internet of Things (IoT) technologies extend vehicular
systems with broader sensing, communication, and computing capabilities, while edge
and cloud computing further provide distributed storage, data processing, and service
support (Lin et al. 2017; Liu et al. 2021).

2) Internet of Vehicles Definition: The IoT evolution has promoted the
emergence of the Internet of Vehicles (IoV) as a heterogeneous cyber—physical net-
working paradigm for intelligent transportation. IoV connects vehicles with roadside
infrastructure, pedestrian devices, edge—cloud platforms, and traffic management sys-
tems, integrating communication, sensing, computation, and service coordination
rather than merely extending vehicular communication protocols (Contreras-Castillo
et al. 2018). Vehicle-to-everything (V2X) communication provides the fundamental
connectivity among these heterogeneous entities and is commonly categorized into
vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), vehicle-to-pedestrian (V2P),
and vehicle-to-network (V2N) communication, corresponding to interactions among
vehicles, roadside infrastructure, vulnerable road users, and network-side platforms,
respectively (Garcia-Roger et al. 2020). Other application-oriented expressions, such
as vehicle-to-roadside (V2R), vehicle-to-sensor (V2S), and vehicle-to-cloud (V2C), can
generally be incorporated into V2I or V2N according to the communicating entity.

3) Internet of Vehicles Architecture: Beyond individual communication
modes, [oV also requires a layered architecture to organize heterogeneous traffic
entities, network resources, computing capabilities, and intelligent services. Existing
studies have proposed different architectural abstractions for IoV. Kaiwartya et al.
(2016) describe a five-layer architecture consisting of a perception layer, coordination
layer, artificial intelligence layer, application layer, and business layer. Contreras-
Castillo et al. (2018) analyze IoV from connected vehicles, roadside infrastructure,
communication protocols, cloud services, and security mechanisms. Vehicular edge
computing (VEC) studies commonly use a vehicle-edge-cloud architecture to describe
distributed computation, storage, and service support (Liu et al. 2021). Drawing on
the studies, the survey adopts a synthesized IoV architecture with five functional
components: perception, coordination and communication, edge-cloud intelligence,
application and service, and management and governance. The overall structure is
illustrated in Fig. 2, and the functions of the five layers are summarized as follows.



® Perception layer: The perception layer consists of vehicles, onboard sensors,
positioning devices, roadside sensors, roadside units, and pedestrian terminals, pro-
viding physical-world information for environmental perception and vehicle-state
monitoring.

® Coordination and communication layer: The coordination and communica-
tion layer connects heterogeneous traffic entities through V2X communication and
supports message delivery, network access, and information exchange.

e Edge-cloud intelligence layer: The edge-cloud intelligence layer provides dis-
tributed storage, computation, and data analysis, supporting latency-sensitive edge
processing and large-scale cloud services.

e Application and service layer: The application and service layer transforms
sensed and processed information into intelligent transportation services, includ-
ing cooperative perception, route planning, traffic management, and autonomous
driving assistance.

® Management and governance layer: The management and governance layer
provides cross-layer support for resource management, security, privacy protection,
service management, and reliable system operation.

Through the integration of V2X communication modes and layered IoV architec-
ture, IoV provides the networking and system foundation for large-scale intelligent
transportation services. However, IoV environments are characterized by high mobility,
dynamic topology, heterogeneous sensing and communication resources, time-sensitive
safety requirements, and direct coupling with physical traffic processes (Alshammari
and Mahgoub 2025). These characteristics require vehicles and infrastructure to con-
tinuously perceive changing road conditions, interpret interactive traffic contexts, and
generate adaptive behaviors through Al-enabled perception, reasoning, and decision-
making. Reliable vehicle intelligence further requires these intelligent processes to
be continuously coupled with physical execution and environmental feedback, which
motivates the following discussion on embodied intelligence.

3.2 Fundamentals of Embodied Intelligence

1) Embodied Intelligence Background: Intelligent agents have progressively
evolved from internal reasoning toward interaction with physical environments. Early
agents mainly relied on logical reasoning and symbolic computation, enabling rule-
based task processing but lacking real-time environmental interaction (Newell and
Simon 1976). Behavior-based robotics subsequently emphasized perception—action
coupling through physical embodiment and environmental feedback, but remained
constrained by handcrafted rules and reactive control (Brooks 1991). Cognitive
reasoning and feedback learning further supported environmental understanding,
behavior adjustment, and experience accumulation, contributing to the development
of embodied intelligence (Wilson 2002).

2) Embodied Intelligence Definition: Embodied intelligence is conceptual-
ized as a class of physically grounded agents that continuously interact with external
environments through perception and action (Pfeifer and Iida 2004; Sun et al. 2024).
A typical embodied intelligent system consists of three fundamental elements: brain,
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Fig. 2 Layered system architecture of IoV.

body, and environment. The brain represents the internal intelligence mechanism
that processes task objectives, environmental states, memory, and feedback for under-
standing, reasoning, and decision-making. The body integrates sensors and actuators
to acquire external information and execute physical actions, while the environment
provides dynamic scenarios, interaction targets, and operational constraints.

The three elements do not operate independently but are continuously coupled
through perceptual and execution interfaces. The body first acquires multimodal
observations from the environment, which are processed by the brain to update the
current state understanding and generate a decision strategy. The resulting strategy
is then transformed by the body into executable motion or control actions that alter
the environment. The resulting environmental changes generate new observations and
feedback, which are incorporated into subsequent state updating, strategy adjust-
ment, and behavior generation (Yu et al. 2025b). Through this continuous interaction,
embodied intelligence forms a perception—cognition—decision-making—execution closed
loop driven by environmental feedback. Compared with non-embodied agents that
mainly rely on internal computation, static data processing, or symbolic outputs,
embodied agents continuously adapt their understanding and behavior according to
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physical execution outcomes, thereby improving contextual understanding, execution
feasibility, and environmental adaptability (Anderson 2003).

3) Embodied Intelligence Architecture: At the architectural level, a growing
body of studies has examined the internal organization and functional coordination
mechanisms of embodied intelligence. Specifically, Feng et al. (2026) conceptualize
embodied systems as tightly coupled perception-cognition-action modules. Similarly,
Sun et al. (2024) characterize dynamic environmental couplings through integrated
perception-cognition-action and feedback learning loops. Zhang et al. (2025¢) propose
a three-layer architecture encompassing multimodal perception and alignment, world
modeling and task graph generation, and policy adaptation and execution scheduling.
Despite discrepancies regarding architectural nomenclature and partition granularitie
across preceding studies, the core logic encompasses environmental perception, inter-
nal comprehension, decision-making, and physical execution. Guided by the shared
conceptual baseline, this survey formalizes embodied intelligence capabilities into four
modules comprising perception, cognition, decision-making, and execution. The per-
ception, cognition, decision-making, and execution modules operate according to the
closed-loop workflow shown in Fig. 3, with module-specific functions summarized as
follows.

® Perception module: Through multi-source sensing, the agent acquires environ-
mental, internal, and interactive states. Multimodal observations are processed and
fused into task-oriented scene representations that support subsequent cognition.

11



® Cognition module: Building on perceptual representations, cognition incorporates
prior knowledge, memory, task objectives, and physical constraints. Environmen-
tal states, scene semantics, interaction relations, and possible future evolution are
interpreted to establish task-oriented scene understanding for decision-making.

® Decision-making module: Based on the scene understanding established by
cognition, candidate behaviors are evaluated under task objectives, operational con-
straints, and interaction requirements. The evaluation results support the selection
of an action strategy for downstream execution.

® Execution module: Action strategies are converted into control directives
and physical operations. Physical actions change the agent state and surround-
ing environment, generating feedback for subsequent perception, cognition, and
decision-making.

The above four modules outline the basic functional structure of embodied intelli-
gence, in which perception, cognition, decision-making, and execution jointly support
the closed-loop transformation from environmental observation to physical operation.
However, when this closed-loop mechanism is extended to IoV, embodied intelligence
is no longer limited to a single agent-environment interaction, but operates within
a distributed traffic ecosystem involving vehicles, roadside infrastructure, traffic par-
ticipants, communication networks, and cloud-edge resources (Danba et al. 2022).
Therefore, the next section further discusses how embodied intelligence can be for-
mulated in IoV environments, where its functional modules are reshaped by V2X
connectivity, traffic dynamics, safety constraints, and multi-agent collaboration.

3.3 Fundamentals of Embodied Intelligence in Internet of
Vehicles

Through V2X communication, IoV connects vehicles, infrastructure, pedestrians,
and networks, providing support for cross-entity information sharing and cooper-
ative services (Zhou et al. 2020). However, as traffic complexity and intelligence
demands increase, IoV research has expanded from information transmission and
resource sharing to continuous intelligent processes, including environmental under-
standing, interaction judgment, behavioral decision-making, and physical execution
(Malik et al. 2021). The processes show closed-loop coupling among perception, cogni-
tion, decision-making, execution, and feedback, consistent with embodied intelligence’s
agent-environment interaction mechanism. Therefore, extending embodied closed-loop
interaction to IoV scenarios helps characterize dynamic cooperation among vehicles,
infrastructure, platforms, pedestrians, and environments, promoting IoV evolution
from information sharing to closed-loop cooperative intelligence (Wang et al. 2022).
1)Definition of Embodied Intelligence in IoV: This study defines embodied
intelligence in IoV as a vehicle-centered intelligent agent that takes the vehicle as the
core embodied entity and continuously interacts with dynamic traffic environments.
Supported by onboard sensors and V2X communication, the agent acquires ego states,
surrounding environments, and external traffic information, understands road struc-
tures, traffic states, intentions, and risks, generates and executes safe, rule-compliant

12
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driving behaviors, and adjusts subsequent decisions through environmental feedback
(Ignatious et al. 2023).

ToV scenarios further endow the functional modules of embodied intelligence with
specific traffic-system connotations. Compared with general embodied intelligent sys-
tems, perception, cognition, decision-making, and execution in IoV operate under
the joint influence of V2X connectivity, multi-agent interaction, traffic rules, safety
requirements, and latency constraints. As illustrated in Fig. 4, the vehicle-centered
embodied agent is embedded in a V2X-enabled traffic interaction context and is shaped
by environmental, connectivity, coordination, and constraint-related attributes. Such
conditions lead to more distinct scenario-oriented characteristics. Specifically, the
scenario-oriented characteristics can be summarized into the following four aspects.

e Cooperative perception (Cui et al. 2022): Perception extends beyond local
observations from onboard sensors by integrating multi-source information from
other vehicles, roadside infrastructure, and network-side resources. Cross-entity
information sharing mitigates limited sensing range and occlusion, forming a more
complete and stable representation of the traffic environment.

e Traffic cognition (Guan et al. 2024): Traffic-oriented cognition organizes and
reasons over road structures, traffic rules, agent states, interaction intentions, and
potential risks. The resulting traffic-scene understanding provides the cognitive basis
for subsequent interaction judgment and behavioral decision-making.
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¢ Interactive decision-making (Schwarting et al. 2019): Decision-making
extends beyond single-vehicle behavior selection by considering state relations,
intention differences, and cooperation requirements among surrounding vehicles,
pedestrians, roadside infrastructure, and traffic management systems. Multi-agent
interaction judgment supports safer and more cooperative behavior strategies.

e Traffic-constrained execution (Paden et al. 2016): Execution converts deci-
sion strategies into vehicle motion under real traffic conditions. Physical execution
must satisfy vehicle dynamics, road structures, traffic rules, safety distances, and
communication latency.

Embodied intelligence in IoV operates as a vehicle-centered closed loop. Onboard
sensing and V2X communication continuously provide local and shared traffic infor-
mation, supporting traffic-scene understanding and behavior decision-making. The
resulting decisions are translated into physical vehicle actions that change both the
vehicle state and the surrounding traffic environment. These changes are captured
again through sensing and communication as feedback for the next interaction cycle.
Based on this closed-loop process, Section 4 further reviews the key technologies sup-
porting embodied perception, cognition, decision-making, and execution in IoV, and
clarifies how these technical components jointly enable continuous interaction between
vehicle-centered embodied agents and dynamic traffic environments.

4 Core Technologies of Embodied Intelligence in
Internet of Vehicles

Embodied intelligence in IoV is formed through the continuous coupling of vehicle-
centered embodied agents with dynamic traffic environments. To describe the technical
realization of the embodied perception—cognition—decision-making—execution closed
loop, this section reviews embodied perception, embodied cognition, embodied
decision-making, and embodied execution, which respectively address environmen-
tal state acquisition, traffic-context understanding, decision strategy generation, and
physical execution.

4.1 Embodied Perception in Internet of Vehicles

In ToV, embodied perception constructs the task-oriented perceptual state required
by a vehicle-centered embodied agent for embodied closed-loop interaction. Rather
than focusing only on object detection, embodied perception transforms onboard
observations and V2X messages into representations that support embodied scene cog-
nition, intention reasoning, decision-making, and execution. Accordingly, this section
reviews embodied perception from three levels: local multimodal representation, V2X
cooperative information acquisition, and spatiotemporal alignment-fusion. Local mul-
timodal representation, V2X cooperative information acquisition, and spatiotemporal
alignment jointly convert heterogeneous and distributed traffic observations into an
ego-centric scene representation for subsequent embodied cognition and behavior
generation. The overall workflow of embodied perception in IoV is illustrated in Fig. 5.
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4.1.1 Multimodal Traffic Perception

In embodied perception for IoV, a single sensing modality is insufficient for reliable
traffic scene understanding because each sensor has inherent limitations. Embodied
multimodal fusion integrates complementary cues from cameras, light detection and
ranging (LiDAR), and radar to construct more robust environmental representations
(Paek and Kong 2025; Lach 2026). According to the output form of fused represen-
tations, existing methods can be grouped into object-level representation, bird’s-eye
view (BEV) spatial representation, and semantic occupancy representation.

A. Object-level representation focuses on instance-level recognition and state
estimation of traffic participants and obstacles. FUTR3D (Chen et al. 2023) uses a
modality-agnostic feature sampler to aggregate camera, LIDAR, and radar features
according to each query’s 3D reference point for 3D object detection. The object
feature fusion, with positional encoding (PE), can be summarized as:

q;lew =q + PE(C»L) + Py (Siid P SZ'?am o) Sgad) , (1)

where ¢; denotes the i-th object query, and ¢j'°" denotes the updated query after
multimodal fusion. ¢; is the 3D reference point of the query, and PFE(c;) provides the
corresponding encoding. si4, s¢8m and s12d denote the sampled LiDAR, camera, and
radar features, respectively. & denotes feature concatenation, and Py, is the fusion
multilayer perceptron (MLP) used to obtain the unified query-level representation.

In the query-level fusion pipeline of FUTR3D, multimodal features are sampled
around 3D reference points and subsequently integrated into object queries. CMT (Yan
et al. 2023a) instead encodes 3D positional information into image and point-cloud
tokens, enabling direct multimodal interaction without explicit view transforma-
tion. SparseFusion (Xie et al. 2023) further shifts multimodal fusion toward sparse
candidates and sparse representations, avoiding the noise and inefficiency of dense
candidates and scene representations.

B. BEV spatial representation organizes multimodal information into an
ego-centric BEV space. BEVGuide (Man et al. 2023) uses BEV-guided multi-sensor
attention to learn a unified BEV representation from sensor-specific features. The
process of BEVGuide can be summarized as:

S’VTI,
z; = Fuseem (Z Softmax; (q;r(fmyj + pmyj))fm,j> , (2)

j=1

where z; denotes the fused feature of the i-th BEV grid, M denotes the sensor set,
and f,, = E,,(X,,) denotes the feature map extracted from the m-th sensor input
by a sensor-specific encoder. f,, j, Sm, q;, and p,, ; denote the j-th feature position,
the number of feature positions, the BEV query, and the PE, respectively. The soft-
max term calculates attention weights between the BEV query and sensor features,
while Fuse aggregates attended features from different modalities into a unified BEV
representation.
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Subsequent studies have further refined multimodal BEV fusion. BEV-
MOSNet (Cong et al. 2025) employs deformable cross-attention-guided cam-
era—LiDAR-radar fusion for BEV moving-object segmentation, whereas ASF (Paek
and Kong 2025) combines unified canonical projection with patch-wise cross-sensor
attention to improve feature consistency and robustness under sensor degradation or
failure.

C. Semantic occupancy representation discretizes the space surrounding
a vehicle into three-dimensional voxel grids and predicts the occupancy state and
semantic category of each voxel, thereby enabling dense 3D modeling of the exter-
nal environment. OccFusion (Ming et al. 2025) integrates multiscale camera, LiDAR,
and radar features through dynamic 2D/3D fusion and global-local attention for 3D
semantic occupancy prediction. The process of OccFusion can be summarized as:

Occ = H({GLA(DQD([F;”’Z]mEM), DSD([FJn’l]mGM))}lL:1>7 )

where Occ denotes the final 3D semantic occupancy grid, M denotes the set of sensor
modalities, m denotes a specific modality, | denotes the feature scale, and L denotes
the total number of scales. Fy! and F"! represent the BEV global feature and 3D
voxel feature of modality m at scale [, respectively. [-] denotes channel-wise concate-
nation across modalities. Dop and Dsp denote the Dynamic Fusion 2D and Dynamic
Fusion 3D modules, which combine convolutional feature mixing with SENet-based
channel recalibration. GLA denotes global-local attention fusion, and H denotes the
final occupancy prediction head.

MS-Occ (Wei et al. 2026) further extends multimodal occupancy fusion across mul-
tiple stages by combining middle-stage geometry—semantic enhancement with adaptive
and confidence-guided late-stage voxel fusion.

Embodied multimodal perception fusion integrates complementary camera,
LiDAR, and radar cues to provide a more reliable local scene representation. However,
local fusion is still limited by sensing range, occlusion, and incomplete observa-
tions. Therefore, embodied cooperative perception should be further considered to
compensate for occlusion and local sensing limitations.

4.1.2 V2X Cooperative Perception

V2X cooperative perception extends vehicle-centered embodied perception by incor-
porating complementary observations from connected embodied vehicles and roadside
infrastructure. Existing studies mainly address two communication-aware problems:
collaborator selection and message content selection (Huang et al. 2025b). The former
identifies useful external agents, while the latter determines task-relevant perceptual
information under bandwidth and latency constraints.

A. Traffic-aware collaborator selection determines which external nodes
should communicate with the ego embodied vehicle, thereby reducing the band-
width cost and redundant interference caused by fully connected collaboration.
Who2com (Liu et al. 2020c¢) uses a learnable handshake mechanism in which a target
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agent sends a compact request and selects a collaborator based on returned matching
scores. The most valuable collaborator is selected through attention-based matching:

i = arg max (Gf'n(asj))T WG (x4), (4)

where z; and x; denote the observations of the target embodied vehicle and the
candidate node, respectively. G7, and G denote the request generator and the key
generator, respectively. W, is a learnable weight matrix, and 7 denotes the selected
collaborator.

However, Who2com assumes that the target vehicle requires external commu-
nication. When2com (Liu et al. 2020b) further learns when to communicate and
dynamically constructs communication groups. Select2Col (Liu et al. 2024) further
incorporates the spatial-temporal importance of semantic information and uses a
lightweight graph neural network to identify contributive collaborators.

B. Traffic-aware message content selection determines which perceptual
representations should be transmitted to the ego vehicle after collaborators are iden-
tified, thereby avoiding redundant message exchange and maintaining task-related
scene information under bandwidth and latency constraints. V2VNet (Wang et al.
2020) shares compressed intermediate representations rather than raw sensor data
or final outputs, balancing perception—prediction performance with communication
bandwidth.

Based on intermediate feature sharing, subsequent studies further reduce redun-
dant feature transmission. To reduce redundancy in intermediate feature sharing,
Where2comm (Hu et al. 2022) uses spatial confidence maps to select spatially
sparse yet perceptually critical features for communication. How2comm (Yang et al.
2023) further refines feature sparsification through mutual-information-aware spa-
tial-channel filtering to retain informative shared features.

Although spatial and channel selection reduces redundancy, cooperative messages
remain tied to BEV feature maps. SparseCoop (Wang et al. 2026) replaces intermediate
BEV representations with kinematic-grounded instance queries that encode explicit
3D geometry and velocity for fully sparse cooperative perception. Overall, message
content selection shows a progressive refinement from compressed intermediate repre-
sentations to spatially selected BEV features, spatial-channel semantic features, and
sparse instance queries for efficient vehicle-centered embodied perception.

Collaborator selection and message content selection provide the communication
basis for V2X cooperative perception by identifying useful agents and selecting com-
pact perceptual messages. However, the selected messages are still generated from
different viewpoints, timestamps, and coordinate frames (Lu et al. 2023; Wang et al.
2025c¢). Therefore, spatiotemporal alignment and fusion are further required to trans-
form distributed messages into a unified ego-centric scene representation (Xu et al.
2022).

4.1.3 Spatiotemporal Alignment for V2X Perception

Distributed observations usually differ in spatial reference, sensing time, and commu-
nication delay, resulting in potential misalignment during fusion. Reliable integration
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therefore requires spatial calibration and temporal compensation before heteroge-
neous observations are fused. The alignment-fusion process can be organized into three
modules: spatial alignment, temporal compensation, and unified representation fusion.

A. Spatial alignment of traffic representations

Spatial alignment maps collaborative messages from different embodied agents into
the ego-vehicle coordinate system before fusion. V2VNet (Wang et al. 2020) aligns
received intermediate features to the receiver frame through relative-pose-based spatial
warping and bilinear resampling before graph aggregation. For heterogeneous V2X
settings, V2X-ViT (Xu et al. 2022) uses a spatial-temporal correction module to warp
delayed agent features to the current ego-vehicle pose before Transformer fusion.

The direct pose-based spatial alignment process can be abstracted at both
coordinate and feature-map levels:

Pe = RiePr + those,

Fise(u) = Fi (Gesk (43 §p—e)) s ©)
where pr and p. denote the same spatial point in the coordinate systems of agent
k and the ego vehicle, respectively. Ry_,. and t;_,. denote the rotation matrix and
translation vector from agent k to the ego vehicle. Fj, and F}j_,. denote the original
and aligned BEV feature maps, respectively. u denotes an ego-view BEV grid loca-
tion, &k, denotes the initial relative pose, and G._,; denotes the pose-induced grid
mapping function used for feature warping and resampling.

Direct geometric transformation is sensitive to localization noise, heading error,
and calibration drift. Building on the V2VNet communication setting, Vadivelu et al.
(2021) estimate pairwise pose errors, enforce global pose consistency, and attenu-
ate unreliable messages during aggregation. Object-structure-based methods further
exploit shared objects for pose correction. OptiMatch (Song et al. 2023) estimates
correction transforms through optimal-transport-based co-visible object matching,
while CoAlign (Lu et al. 2023) optimizes cross-agent pose counsistency through an
agent-object pose graph.

B. Temporal compensation of traffic representations

Temporal compensation aligns collaborative messages generated at earlier sensing
times with the current ego-vehicle time before fusion. DAIR-V2X (Yu et al. 2022a)
introduces Time Compensation Late Fusion, which estimates object motion from
adjacent infrastructure frames to compensate infrastructure detections to the vehi-
cle timestamp before late fusion. Beyond object-level compensation, SyncNet (Lei
et al. 2022) performs feature-level synchronization through feature-attention symbiotic
estimation and time modulation.

The temporal compensation process can be summarized as:

Zy = A(Zy @0 (Z1F, i te — t1)) s (6)
where Z,i"‘ denotes the collaborative information generated by agent k at sensing time

tr, and t. denotes the current ego-vehicle fusion time. The term t. — ¢ represents
the temporal delay between information generation and fusion. Hj denotes historical
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information used to infer temporal changes, such as adjacent frames, region-of-interest
(ROI) tracklets, or cached BEV features. ®y estimates how the collaborative infor-
mation changes during the delay. Depending on the compensation design, ®y3 models
object motion, feature evolution, BEV flow, or reference-point offsets. A then applies
the estimated change to Z,i’“, producing the temporally compensated representation
Z}i‘ at the ego-vehicle time.

Recent studies further model temporal displacement in BEV space.
CoBEVFlow (Wei et al. 2023) further models temporal displacement through BEV
flow, which reassigns asynchronous perceptual features to appropriate spatial loca-
tions under irregular and continuous delays. LRCP (Wang and Nordstrom 2025)
instead directly fuses asynchronous BEV features by using latency-aware flow from
cached history to calibrate deformable-attention sampling locations.

C. Unified traffic representation fusion

Unified representation fusion integrates spatially aligned and temporally com-
pensated collaborative features into an ego-centric perceptual representation. Early
feature-level methods mainly rely on direct aggregation. F-Cooper (Chen et al. 2019)
performs voxel- and spatial-feature fusion using maxout over overlapping features.
V2VNet (Wang et al. 2020) further formulates fusion as graph-based message passing,
aggregating spatially aligned inter-vehicle features through message aggregation and
convolutional gated recurrent unit (ConvGRU)-based updates.

Subsequent studies introduce more adaptive and attention-based fusion mech-
anisms. DiscoNet (Li et al. 2021) introduces a distilled collaboration graph with
matrix-valued edge weights for spatially adaptive inter-agent feature aggregation. For
heterogeneous V2X agents, V2X-ViT (Xu et al. 2022) combines type-aware multi-
agent self-attention with multi-scale window attention for robust feature fusion.
CoBEVT (Xu et al. 2023a) uses fused axial attention to capture sparse local and
global interactions across agents for BEV-level fusion. Overall, unified representation
fusion has evolved from maxout-based feature aggregation to graph message passing,
cell-level adaptive weighting, and attention-based contextual interaction.

By integrating multimodal observations, cooperative messages, spatiotemporal
alignment, and representation fusion, embodied perception provides the vehicle-
centered embodied agent with a unified perceptual representation of the traffic
environment. Such representations form the basis for embodied closed-loop interaction,
while embodied cognition further interprets scene semantics, interactive intentions,
and traffic knowledge under rule constraints.

4.2 Embodied Cognition in Internet of Vehicles

Embodied cognition in IoV builds on the unified scene representation produced by
embodied perception and further converts observable traffic states into task-oriented
understanding. In dynamic traffic environments, a vehicle-centered embodied agent
must not only recognize objects and spatial layouts, but also interpret road structures,
task constraints, interaction intentions, historical experiences, and possible future evo-
lution. The conversion of observable traffic states into task-oriented understanding
provides the semantic and temporal basis for subsequent embodied decision-making by
organizing perceptual information into structured traffic knowledge. Accordingly, this
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section discusses traffic situation comprehension, traffic intention reasoning, memory
reflection, and world modeling.

4.2.1 Traffic Situation Comprehension

Traffic situation comprehension serves as the initial embodied cognitive process
that converts ego-centric perceptual representations into traffic-oriented world under-
standing. Beyond object recognition and spatial representation, traffic situation
comprehension interprets the road structure in which traffic participants move, the
semantic relations among vehicles, pedestrians, road elements, signals, obstacles, and
infrastructure, and the rule-related constraints that shape the current traffic state.
Existing studies mainly focus on road structure cognition and task-constrained traffic
situation assessment.

A. Road structure cognition

Road structure cognition converts perceptual representations into structured
descriptions of road geometry and traffic organization. HDMapNet (Li et al. 2022a)
provides an early instance-level representation by learning local vectorized semantic
maps from onboard observations through semantic segmentation, instance embedding,
and direction prediction.

Beyond explicit map elements, GeMap (Zhang et al. 2025e) introduces G-
Representation and geometry-decoupled attention to learn Euclidean shapes and
relations among map instances. LaneSegNet (Li et al. 2024) further advances road rep-
resentation to lane segments that jointly encode lane geometry and topology within a
unified structure.

On this basis, topology-oriented studies further incorporate structural relations.
OpenLane-V2 (Wang et al. 2023) formulates scene structure perception and reasoning
through 3D lane detection, traffic-element recognition, and lane—lane and lane—traffic
topology recognition. TopoNet (Li et al. 2026b) performs end-to-end topology reason-
ing using a scene graph neural network (SGNN) and scene knowledge graph to model
lane connectivity and lane—traffic-element associations.

B. Task-constrained traffic situation assessment

Task-constrained situation assessment characterizes the current driving condition
with respect to navigation commands or ongoing maneuvers. Conditional Affordance
Learning for Driving in Urban Environments (CAL) (Sauer et al. 2018) predicts six
intermediate affordances from monocular video, with road-relative cues conditioned on
directional commands and the remaining traffic-related cues estimated independently
for downstream control.

Maneuver-level risk assessment further incorporates spatial relations and tempo-
ral evolution. Scene-Graph Augmented Data-Driven Risk Assessment of Autonomous
Vehicle Decisions (Yu et al. 2022b) models subjective driving risk from multi-relational
scene graphs using a multi-relational graph convolutional network (MR-GCN),
attention, and long short-term memory (LSTM)-based temporal modeling.

RS2G (Wang et al. 2024a) further replaces predefined scene-graph relations
with data-driven edge extraction and variationally regularized relation learning for
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subjective-risk assessment. By contrast, risk-oriented methods additionally use spa-
tiotemporal traffic graphs or counterfactual object removal to identify road agents
that influence driver behavior (Suman et al. 2023; Li et al. 2023).

Existing embodied traffic situation comprehension methods provide a structured
basis for interpreting road organization, task constraints, and risk-relevant conditions.
However, geometric structure, topology relations, affordance states, and risk estimates
are commonly modeled through separate task-specific formulations, limiting the inte-
gration of geometric structure, topology relations, affordance states, and risk estimates
into a coherent understanding of complex traffic situations. Beyond understanding
the current scene, embodied cognition must further infer the behavioral intentions of
surrounding embodied agents.

4.2.2 V2X-Aware Traffic Intention Reasoning

Embodied traffic situation comprehension establishes a structured account of road
organization, task constraints, and risk-related conditions, providing the contextual
basis for interpreting surrounding embodied traffic agents. V2X-aware traffic intention
reasoning extends the structured understanding of road organization, task constraints,
and risk-related conditions from current scene states to potential future behaviors
by integrating historical motion, scene context, agent attributes, and available V2X
information (Casas et al. 2018; Salzmann et al. 2020). Existing studies mainly focus
on individual traffic-agent intention understanding and multi-agent traffic interaction
reasoning. The former identifies the latent intentions and motion tendencies of individ-
ual vehicles, pedestrians, and cyclists, whereas the latter models dynamic influences,
yielding relations, priority conflicts, and socially responsive behaviors among multiple
embodied traffic agents (Gupta et al. 2018; Sun et al. 2022).

A. Individual Traffic-Agent Intention Understanding

Individual traffic-agent intention understanding extends traffic situation compre-
hension from observable states to latent actions and motion tendencies. Existing
studies mainly examine vehicle maneuver intention and vulnerable-road-user behavior.
Vehicle intention is typically constrained by road geometry and traffic control, whereas
pedestrian and cyclist intention additionally depends on body motion, posture, and
local visual context.

For embodied vehicle agents, IntentNet (Casas et al. 2018) jointly detects vehicles
and predicts discrete driving intentions and future trajectories from sequential LiDAR
sweeps and rasterized dynamic high-definition (HD) maps, with intention scores con-
ditioning trajectory forecasting. Rather than predicting predefined semantic classes,
MTR (Shi et al. 2022) represents multimodal futures with learnable motion-query
pairs that jointly perform global intention localization and local movement refinement.
In ToV settings, V2X-Graph (Ruan et al. 2024) further associates cross-view trajec-
tories of the same agent and fuses cooperative motion, agent—lane, and inter-agent
interaction features for multimodal motion forecasting.

Vulnerable-road-user intention understanding relies more strongly on action-
specific bodily cues. Pedestrian crossing prediction with attention (PCPA) (Kotseruba
et al. 2021) combines local visual context, bounding-box trajectories, 2D poses, and
ego-vehicle speed through temporal and modality attention for pedestrian crossing
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prediction. For cyclists, Bieshaar et al. (2018) combine infrastructure-camera and
smart-device starting detectors through an extreme-gradient-boosting stacking ensem-
ble for cooperative starting-movement detection. Collectively, the reviewed vehicle and
vulnerable-road-user-intention methods extend intention representation from explicit
maneuvers to latent motion modes and connected multi-source behavioral inference.
Most methods nevertheless remain centered on individual-agent outcomes, motivat-
ing subsequent reasoning about directional influence and reciprocal response among
agents.

B. Multi-Agent Traffic Interaction Reasoning

Multi-agent traffic interaction reasoning extends individual intention understand-
ing by modeling how the prospective future of one embodied traffic agent conditions
the behavior of others. M2I (Sun et al. 2022) models directional interactions by iden-
tifying influencer—reactor relations and combining marginal influencer prediction with
conditional reactor prediction.

FIMP (Rowe et al. 2023) extends factorized interaction reasoning to multiple
agents by representing future interactions as a sparse directed acyclic graph and
decomposing joint prediction into ordered marginal and conditional predictions. Fol-
lowing FJMP, the resulting directed acyclic interaction graph supports the following
joint factorization:

N-1
Py |x.0) =[P (Y<"> | Yoo () X, C) , (7)

n=0

where X and Y denote the observed and future trajectories of all agents, respectively,
and C denotes the encoded HD-map context. G represents the predicted directed
acyclic interaction graph, while pas(n) denotes the parent agents whose predicted
future trajectories are used to condition the future prediction of agent n.

Beyond graph-ordered prediction, GameFormer (Huang et al. 2023) models hier-
archical future responses through level-k decoding, with each higher level conditioned
on other agents’ predictions from the preceding level.

ToV connectivity further introduces externally shared temporal information into
interaction reasoning. With V2X connectivity, Co-MTP (Zhang et al. 2025b) further
fuses vehicle- and infrastructure-side histories with ego planning and infrastructure-
side future predictions through a heterogeneous graph transformer for cooperative
trajectory forecasting.

Taken together, existing studies have progressively extended interactive inten-
tion reasoning from explicit maneuver recognition and multimodal motion inference
to vulnerable-road-user behavior anticipation, structured joint prediction, and hier-
archical response modeling (Huang et al. 2025a). These developments enrich the
representation of heterogeneous traffic-agent intentions and improve the consistency
of multi-agent future prediction. Nevertheless, current approaches remain limited
by task-specific intention definitions, insufficient pedestrian and cyclist interac-
tion data, and sensitivity to occlusion, tracking errors, and perception—prediction
error propagation (Dal’Col et al. 2025). V2X-assisted future conditioning further
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increases dependence on communication quality, with latency, bandwidth limita-
tions, localization errors, and communication disturbances introducing uncertainty
into collaborative reasoning. Heuristic relation labels, acyclic influence structures, and
fixed-level reasoning also simplify reciprocal and long-range interactions, while dense
traffic scenarios impose additional computational and training costs.

4.2.3 Traffic Memory and World Modeling

Traffic situation comprehension and interactive intention reasoning provide task-
oriented interpretations of current traffic conditions and surrounding-agent behaviors.
Sustained embodied cognition further requires historical states and driving experience
to remain available across perception—action cycles, while the evolution of the traf-
fic environment must be represented and predicted beyond the current observation.
Accordingly, existing studies mainly investigate reflective driving memory for temporal
continuity and experience reuse, together with traffic-dynamics-aware world modeling
for representing traffic evolution and generating possible future states.

A. Reflective Driving Memory

Reflective driving memory preserves task-relevant information across successive
perception—execution cycles, allowing historical states and experiences to inform sub-
sequent embodied reasoning. BridgeAD (Zhang et al. 2025a) reformulates motion and
planning queries as multi-step queries and integrates historical prediction and planning
information into the corresponding perception and motion-planning stages.

Beyond short-term query caching, explicit memory supports the retrieval of expe-
rience acquired from previous driving situations. DiLu (Wen et al. 2024) retrieves
similar driving experiences from memory for few-shot reasoning and uses reflection to
revise unsafe decisions before updating the memory.

LeapVAD (Ma et al. 2025) improves experience retrieval with learned scene tokens
and combines an Analytic Process for experience accumulation and reflection with a
Heuristic Process for efficient memory-based decision-making. For multi-agent driving,
KoMA (Jiang et al. 2025) introduces shared memory and ranking-based reflection to
accumulate, evaluate, and refine driving experiences across multiple agents.

B. Traffic-Dynamics-Aware World Modeling

Traffic-dynamics-aware world models construct internal representations of traffic
environments and learn how the internal traffic-environment representations evolve
over time, enabling future scene states to be generated from historical observations
and ego-motion conditions (Guan et al. 2024).

Moving beyond appearance-level prediction, structured world models represent
traffic evolution in three-dimensional spatial states. OccWorld (Zheng et al. 2025a)
tokenizes 3D semantic occupancy into discrete scene representations and uses a spa-
tial-temporal generative Transformer to predict future occupancy and ego trajectories.

Action-conditioned world models further characterize the conditional evolution of
traffic environments under different ego behaviors. Drive-WM (Wang et al. 2024d)
employs latent video diffusion with temporal and multiview factorization to generate
spatially and temporally consistent future observations conditioned on ego-motion tra-
jectories. Drive-OccWorld (Yang et al. 2025b) instead forecasts future occupancy and
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3D motion flow from historical BEV features using semantic- and motion-conditioned
normalization and flexible action conditions.

Taken together, existing studies have progressively expanded vehicular memory
from short-term query retention to experience retrieval, reflection-based revision,
and multi-agent sharing, improving temporal continuity and the reuse of prior driv-
ing knowledge. Nevertheless, most methods still depend on fixed memory lengths
or embedding similarity, while experience validation, forgetting, and conflict resolu-
tion remain insufficiently addressed. World models have similarly advanced toward
action-conditioned visual and occupancy forecasting, yet the performance of action-
conditioned visual and occupancy world models is still limited by short prediction
horizons, accumulated errors, rare interactions, and substantial computational over-
head.

4.3 Embodied Decision-Making in Internet of Vehicles

Based on the traffic understanding established by embodied cognition, embodied
decision-making generates feasible embodied behavior strategies for vehicle-centered
embodied agents operating in dynamic oV environments. As a central stage of the
embodied perception—cognition—decision-making—execution loop, embodied decision-
making evaluates candidate behaviors according to task objectives, traffic regulations,
safety constraints, surrounding-agent intentions, and anticipated environmental evo-
lution. In IoV scenarios, embodied decision-making extends beyond ego-vehicle policy
generation, because connected embodied agents must negotiate conflicting maneuvers
and coordinate distributed computation and communication tasks to support timely
embodied interaction. Through ego-policy generation, multi-agent maneuver negoti-
ation, and distributed task coordination, embodied decision-making links embodied
cognition with embodied execution and enables vehicle-centered agents to inter-
act safely and cooperatively with the physical traffic environment. Accordingly, this
section discusses driving policy generation, multi-vehicle maneuver coordination, and
vehicular edge task coordination.

4.3.1 Vehicle-Centered Driving Policy Generation

Following traffic situation comprehension, intention reasoning, memory retrieval, and
world modeling, embodied decision-making further determines appropriate embod-
ied action policies under task objectives, traffic regulations, safety requirements, and
anticipated environmental evolution (Li et al. 2026a). Vehicle-centered driving policy
generation focuses on the algorithmic derivation of behavior-level policies that provide
high-level guidance for subsequent embodied execution, rather than directly produc-
ing trajectories or control commands. Existing approaches can be broadly organized
by policy-generation mechanism into simulation-based driving policy reasoning and
data-driven driving policy learning.

A. Simulation-Based Driving Policy Reasoning

Simulation-based driving policy reasoning selects an ego embodied vehicle policy
by explicitly representing admissible closed-loop policies and evaluating the predicted
consequences of the admissible closed-loop policies. Cunningham et al. (2015) propose
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Multipolicy Decision-Making (MPDM), which evaluates a finite set of closed-loop ego
policies by forward-simulating interactions with surrounding vehicles and selecting
the policy with the best predicted outcome. The basic policy-election process can be

summarized as
. .e
¥, = Sim (act,w,wt 7H) ,

Q
S(m| @) = qumq (r), (8)

7wy =arg max S(7m|a),
Tl'enapp(xt)

Here, x; denotes the current world-state estimate, and IL.p, (z:) is the set of applicable
ego policies. The term 7 denotes a candidate ego policy, whereas 7, ¢ contains the
most likely policies assigned to surrounding vehicles. H is the simulation horizon, and
W is the resulting multi-vehicle state sequence. ) denotes the number of evaluation
metrics. mq(¥,) denotes the normalized performance of the simulated policy outcome
under the g-th evaluation criterion, while w, specifies the relative contribution of that
criterion to the overall policy score. S(m | z;) denotes the overall policy score, and 7}
is the selected ego policy.

Galceran et al. (2017) subsequently augment MPDM with Bayesian changepoint-
based behavior prediction, sampling surrounding-vehicle policy hypotheses for closed-
loop simulation and selecting the ego policy with the highest expected reward.

Building on MPDM’s semantic closed-loop policies, Zhang et al. (2020) propose
Efficient Uncertainty-Aware Decision-Making (EUDM), which combines a domain-
specific closed-loop policy tree with conditional focused branching to support multi-
stage ego decisions while limiting action- and intention-space branching.

B. Data-Driven Driving Policy Learning

Data-driven driving policy learning derives driving policies from data-driven opti-
mization, where the decision rule is obtained through environment interaction or
expert demonstrations rather than explicit online simulation of predefined policies.
Reinforcement learning provides a basic formulation for learning-based policy gener-
ation. Mirchevska et al. (2021) couple amortized Q-learning with model-based action
proposals from a trajectory planner to select long-term highway driving strategies
from locally optimal maneuver candidates. The learning and decision process can be
summarized as

Yt = Tep1 Ty max Qo (s141,0"),

L(0) = E (i — Qolst,00))?] (9)
ap =arg max Qo(se, ),

Here, s; and a; denote the current traffic state and candidate driving action, while
rer1 and sgq1 denote the immediate reward and next state. (Qp is the action-value
network, QQy- is the target network used to compute the Bellman target y;, v is the
discount factor, and A(s;) denotes the available action set. The learned policy selects
the action with the maximum estimated value.

Subsequent reinforcement learning studies further improve safety during policy
optimization. Wang et al. (2019) improve safety by combining DQN-based lane-change

26



decision-making with rule-based constraints and low-level trajectory modification
before execution.

Imitation learning provides another route by reducing dependence on manually
specified rewards. Wang et al. (2021) augment AIRL with semantic rewards to jointly
learn driving rewards and policies from expert demonstrations in interactive driv-
ing scenarios. Recent studies further introduce generative artificial intelligence into
vehicle-centered driving policy generation. DriveMLM (Cui et al. 2025) aligns a multi-
modal large language model with behavioral planning states to predict path and speed
decisions from multimodal observations, traffic rules, and user instructions, whereas
Diffusion Planner (Zheng et al. 2025b) models closed-loop planning as diffusion-based
conditional trajectory generation for multimodal driving behaviors.

Overall, vehicle-centered driving policy generation has enabled traffic cogni-
tion to be transformed into candidate driving strategies and executable behavior
policies. Existing studies are particularly effective in structured policy evaluation,
uncertainty-aware strategy selection, and data-driven policy acquisition, improving
both the controllability and adaptability of autonomous driving decisions. However,
current methods remain constrained by predefined policy spaces, simplified interaction
assumptions, training-data dependence, reward-design sensitivity, and limited safety
generalization. These limitations suggest that vehicle-centered driving policy gener-
ation has made substantial progress, but still faces challenges in achieving robust,
interpretable, and generalizable policy selection under complex IoV traffic dynamics.

4.3.2 Multi-Vehicle Maneuver Coordination

Multi-vehicle maneuver coordination further addresses how candidate maneuvers gen-
erated by embodied decision policy generation can be accepted, rejected, modified,
or committed in embodied multi-agent traffic conflicts. Different from ego-centered
maneuver selection, the key problem is not to generate another driving policy, but to
determine whether multiple candidate maneuvers can coexist under shared road-space,
priority, and reservation constraints. In lane-changing, merging, and unsignalized-
intersection scenarios, multi-vehicle maneuver negotiation involves conflict-area allo-
cation, spatiotemporal reservation, maneuver-coordination message exchange, and
right-of-way assignment (Manzinger and Althoff 2017).

A basic formulation is the negotiation of conflicting road areas. Manzinger and
Althoff (2018) use reachable-set computation to determine road cells requested by
multiple cooperative embodied vehicles and formulate the allocation of the requested
conflict cells among cooperative vehicles as a winner determination problem:

max Y O(t,C;)b(t, Cj),

R0 (10)

st. Vg € GO(t): Y 6(t,Cy) <1, VCj € P(t):4(t,C;) € {0,1},
Cj:giEC]-

Here, GY(t) denotes the set of conflicting road cells, C; is a candidate package of con-
flict cells, P(t) is the allowed package set, b(t, C;) denotes the bid for selecting C;, and
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d(t,C;) indicates whether the package is assigned. The constraint prevents a conflict
cell from being allocated more than once. The winner-determination formulation shifts
decision-making from selecting an isolated ego maneuver to allocating conflicting road
areas and deriving an individual driving corridor for each cooperative vehicle.

Subsequent studies refine the object and communication process of multi-vehicle
maneuver negotiation. Hefl et al. (2018) introduce an application-level vehicle-
to-vehicle (V2V) protocol that coordinates cooperative maneuvers by negotiating
space-time reservations in conflict areas. Nichting et al. (2020) further generalize the
Space Time Reservation Procedure (STRP) to coordinate cooperative vehicles across
diverse conflict scenarios.

Maneuver coordination protocols further organize negotiation through explicit
message types. Mizutani et al. (2021) develop AutoMCM with seven maneuver
coordination message (MCM) types and event-driven state management to support
general maneuver coordination. Rather than introducing another coordination pro-
tocol, Molina-Masegosa et al. (2023) propose Risk and Tracking Trajectories rules
that adapt MCM generation to potential safety risks or significant planned-trajectory
changes.

At Stop Controlled-Intersections (SC-Is), Shah et al. (2024) propose the distributed
Automated Right-of-Way (AROW) algorithm to assign explicit crossing priorities to
connected and/or autonomous vehicles (CAVs) while preserving existing stop-control
rules.

Overall, existing work has progressed from the allocation of conflicting road
areas to space-time reservation, maneuver coordination protocols, message generation
rules, and right-of-way assignment. Conflict-area allocation, space-time reservation,
MCM-based coordination, and right-of-way assignment improve the consistency and
interpretability of cooperative maneuver decisions, but still depend on predefined
maneuver representations, reliable V2X communication, limited negotiation scale, and
stable agreement formation in dense or mixed traffic. Failure-prevention studies further
indicate that negotiation protocols require explicit handling of inconsistent intentions,
communication failures, and unresolvable maneuver conflicts under complex traffic
conditions (Héfner et al. 2022).

4.3.3 Vehicular Edge Task Coordination

Embodied decision-making in IoV involves not only selecting driving policies, but
also making coordination decisions over distributed computation and communication
resources. Perception updates, intention prediction, policy evaluation, and execution
feedback are continuously generated during vehicle—environment interaction, while
onboard processors and V2X links are constrained by computation limits, mobility,
latency, and unstable connectivity. Maintaining decision validity requires vehicles,
roadside units, and edge servers to decide where tasks are processed and how resources
are assigned. Existing studies mainly address the coordination of distributed compu-
tation and communication resources through vehicular edge task scheduling and V2X
edge resource allocation.
A. Vehicular Edge Task Scheduling
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Vehicular edge task scheduling determines the embodied execution decisions of
decision-related computation tasks, including the processing location and execution
time of each task and how dependent subtasks are arranged across vehicles and edge
servers. In VEC, offloading studies usually describe each task through input data size,
required computation, and latency constraints, and then jointly determine whether
computation should remain on the vehicle or be transferred to edge-side resources.
The dependency-aware task model establishes a scheduling mechanism in which task
order, execution cost, communication delay, and application deadline jointly determine
the collaborative embodied execution path (Dai et al. 2018; Xu et al. 2023c).

Later studies refine dependency-aware vehicular edge task scheduling by consid-
ering heterogeneous V2X links, wireless interference, edge cooperation, and service-
quality constraints. These factors make scheduling decisions more consistent with
cellular vehicle-to-everything (C-V2X) link conditions and with the limited comput-
ing capacity of roadside or edge nodes. As a result, vehicular edge task scheduling is
usually coupled with V2X edge resource allocation rather than treated as an isolated
placement problem (Dai et al. 2018; Xu et al. 2023c).

B. V2X Edge Resource Allocation

V2X edge resource allocation determines the resource decisions associated with
scheduled or offloaded tasks, including how communication bandwidth, transmis-
sion power, and edge computing capacity are assigned under latency, energy, and
service-quality constraints. Joint Offloading and Resource Allocation in Vehicular
Edge Computing and Networks (Dai et al. 2018) provides a representative model by
describing each vehicular task through input data size, required computation, and
maximum latency. Communication time and edge execution time are incorporated
into the task-processing delay, and JOSC jointly optimizes VEC-server selection and
computation-resource allocation to maximize system utility under latency constraints.
The JOSC joint offloading and resource-allocation formulation shows that offload-
ing decisions must be coupled with edge computing capacity rather than treated as
independent task-placement choices.

Subsequent studies strengthen V2X edge resource allocation by incorporating wire-
less interference, edge cooperation, application-specific quality of service (QoS), and
non-orthogonal multiple access (NOMA). Joint Task Offloading and Resource Opti-
mization in NOMA-Based Vehicular Edge Computing (Xu et al. 2023¢c) introduces
NOMA-based V2I transmission, models intra-edge and inter-edge interference, and
allows heterogeneous edge nodes to cooperate for real-time task processing. Task
offloading is formulated as an exact potential game and solved by MAD4PG, while
resource allocation is decomposed into convex optimization problems solved through
gradient-based iteration and Karush—-Kuhn—Tucker (KKT) conditions.

Overall, existing methods have progressed from deadline-constrained vehicular
edge task scheduling to joint server-selection and computation allocation, NOMA-
aware edge cooperation, and QoS-aware resource optimization. The reviewed vehicular
edge task-scheduling and V2X edge resource-allocation methods improve the real-
time feasibility of decision-related computation, but most formulations still optimize
delay, energy, service ratio, or utility at the system level. The effects of coordination
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decisions on cognition updates, policy validity, execution feedback, and safety-critical
closed-loop performance remain insufficiently integrated.

4.4 Embodied Execution in Internet of Vehicles

Embodied execution in IoV realizes the behavior strategies generated by embodied
decision-making through physical vehicle motion. As the physical implementation
stage of the embodied closed-loop, embodied execution maps reference paths, tra-
jectories, desired velocities, and cooperative maneuver agreements into steering,
acceleration, and braking commands while satisfying vehicle-dynamic and actuator
constraints. In connected traffic environments, embodied execution further requires
vehicle-centered embodied agents to execute coordinated motions and maintain
safety and stability under interaction uncertainty and imperfect V2X communication.
Accordingly, this section discusses vehicle motion control, cooperative vehicle motion
control, and safety-critical vehicle control.

4.4.1 Vehicle Motion Control

Vehicle motion execution generates feasible trajectories and control commands based
on driving objectives, vehicle states, and surrounding traffic information, providing
the direct basis for physical vehicle operation. As the final stage connecting high-
level driving decisions with actual vehicle motion, vehicle motion control determines
whether planned behaviors can be accurately and reliably realized under vehicle
dynamics and actuator constraints, and its execution results also provide physical
feedback for subsequent perception and decision-making. Existing Al-based methods
can be summarized into three directions: diffusion-based vehicle trajectory genera-
tion, learning-based vehicle trajectory tracking, and reinforcement learning (RL)-based
vehicle motion control.

A. Diffusion-Based Vehicle Trajectory Planning

Diffusion-based vehicle trajectory planning generates future ego-vehicle trajec-
tories from current traffic information, providing continuous motion references for
subsequent vehicle control. Diffusion Policy (Chi et al. 2023) provides a key policy-
learning foundation for diffusion-based action generation by representing visuomotor
policies as conditional denoising diffusion processes and generating continuous action
sequences through iterative denoising. Combined with receding-horizon control, the
policy executes part of each predicted action sequence before replanning from updated
observations.

In autonomous driving, Diffusion Planner (Zheng et al. 2025b) applies condi-
tional diffusion modeling to closed-loop trajectory planning. Following its diffusion
formulation, the forward diffusion process is expressed as

(o (l‘(t) | x(0)> =N (x(t) | atx(o),at21> , tejo,1], (11)
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and the planner is trained to recover clean future trajectories through
(*) |
Lo = ]Ew(())’t,\,U(O’l)’I(t)th‘O(z(t)‘w(O)) |:H,U9 (l‘ ,EC) —x H2:| . (12)

Here, z(©) denotes the clean joint future trajectories used as the training target, and
2" is their noisy representation at diffusion time t. C' denotes the driving conditions,
o controls the Gaussian-noise variance, a; = /1 — o controls the retained trajectory
information, and pg (;v(t), t,C') denotes the trajectory estimate produced by the model
parameterized by 6. Equation (11) progressively adds Gaussian noise, whereas Eq. (12)
trains the model to recover the clean trajectories from noisy samples under the driving
conditions.

Subsequent studies improve the efficiency and formulation of diffusion-based plan-
ning. DiffusionDrive (Liao et al. 2025) introduces prior multi-mode trajectory anchors
and a truncated diffusion schedule, reducing the 20-step vanilla diffusion baseline
used in its experiments to two denoising steps. BridgeDrive (Liu et al. 2026) further
addresses the asymmetry between the forward and denoising processes of truncated
anchor diffusion by formulating a diffusion bridge from coarse anchor trajectories to
refined context-aware plans.

B. Learning-Based Vehicle Trajectory Tracking

Learning-based vehicle trajectory tracking incorporates learned vehicle dynam-
ics, model-error estimates, or control mappings into trajectory-tracking controllers
to improve tracking performance under nonlinear dynamics and real-time require-
ments. Hu et al. (2025) employ a variational free-energy sparse Gaussian process
within a two-layer model predictive control (MPC) framework to estimate the mis-
match between the nominal model and actual vehicle dynamics during drifting. The
next-step lower-layer vehicle state is calculated as

Thoyy = fa (@} up) + dvre (74, uf) (13)

where xi = [V, Br,7k]T denotes velocity, sideslip angle, and yaw rate, while ufg =
[6k, Fir] T contains steering angle and rear-tire longitudinal force. f; is the nominal
discrete single-track model, and dypg is the model error learned by the variational
free-energy sparse Gaussian process.

Recent studies further enhance vehicle-dynamics modeling with neural networks.
Chen et al. (2026) integrate a physics-based vehicle dynamics model into physics-
informed neural network (PINN) training and constrain the learned physical param-
eters to remain valid. The resulting PINN model is embedded into nonlinear model
predictive control (NMPC) to improve trajectory-tracking prediction accuracy. Gong
et al. (2025) employ a Symplectic ODE-Net to learn lateral vehicle dynamics and
construct a SymODEN-based MPC. A deep stabilizing controller further accounts for
input constraints and learning-error bounds, enabling feasibility and stability analysis
during trajectory tracking. Shi et al. (2025) focus on the high online computational
cost of NMPC and propose an NN Optimizer. During training, the NMPC loss is
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backpropagated through a differentiable vehicle model to learn the control policy. Dur-
ing online tracking, control inputs are obtained through network evaluation, avoiding
repeated nonlinear optimization.

C. RL-Based Vehicle Motion Control

Reinforcement learning (RL)-based vehicle motion control learns control policies
through interaction with the driving environment and directly participates in vehicle
motion control. Compared with conventional controllers that rely on predefined mod-
els or control laws, RL can improve adaptability to nonlinear vehicle dynamics and
changing driving conditions. Xia et al. (2025) combine a preview model with TD3 to
generate the desired yaw rate for lateral tracking. An adaptive corrector further refines
the yaw-rate command based on predicted lateral deviation, while RI-SAC adjusts the
desired longitudinal speed according to tracking errors.

To improve the stability and interpretability of learning-based tracking, Han et al.
(2025) combine Pure Pursuit with PPO. Pure Pursuit provides the primary steering
command with baseline stability and interpretability, while PPO generates a corrective
steering command to compensate for tracking errors. PPO-generated coefficients also
adjust the look-ahead distance according to vehicle speed and road curvature. Recent
studies further extend RL to multiple vehicle control variables. Yang et al. (2026)
develop a hierarchical deep reinforcement learning (DRL) framework in which the
high-level controller determines acceleration and the low-level controller determines
steering, reducing the complexity of joint control while maintaining accurate path
tracking.

Constrained RL further incorporates explicit safety constraints into learned control
policies. Yu et al. (2025a) formulate autonomous racing as a constrained Markov deci-
sion process (CMDP) and train agents using CPO and PPO-Lagrangian. A shielding
framework based on vehicle rollover dynamics further projects unsafe speed com-
mands onto a safe boundary, improving safety while maintaining competitive racing
performance.

Overall, the introduction of diffusion models, learning-based dynamics models, and
RL policies improves trajectory generation, tracking accuracy, and adaptive motion
control. However, computational efficiency, model generalization, control stability, and
reliable constraint satisfaction under unseen driving conditions still limit real-world
deployment.

4.4.2 Cooperative Vehicle Motion Control

In Internet of Vehicles-based embodied intelligence, vehicle motion is often influenced
by the actions of surrounding embodied vehicles. Platoon following, lane changing,
and intersection crossing require coordinated motion among multiple vehicles, since
the feasible motion of each vehicle depends on the speed, spacing, and trajectory
adjustments of others. V2X communication supports such cooperative motion execu-
tion by providing vehicle-state and interaction information, allowing multiple vehicles
to coordinate their acceleration, steering, spacing, and trajectories. Recent studies fur-
ther introduce reinforcement learning and multi-agent learning to adapt these control
actions to complex vehicle interactions and changing traffic conditions (Zhang et al.
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2026). Existing approaches mainly focus on cooperative platoon control, cooperative
lane-changing control, and cooperative intersection control.

A. Cooperative Platoon Control

Cooperative platoon control uses inter-vehicle information to coordinate the
motion of multiple vehicles in a platoon, maintaining desired spacing, velocity consis-
tency, and stable collective motion. Recent studies increasingly employ reinforcement-
learning-based cooperative control to learn vehicle control commands from platoon
interactions, improving adaptability to curved roads, mixed traffic, and non-ideal V2V
communication. Li et al. (2025a) develop a serial distributed PPO framework for CAV
platooning on curved roads. The SDPPO agents generate optimal longitudinal accel-
eration for individual vehicles, while a nonlinear lateral controller produces steering
adjustments for trajectory tracking. V2V communication supports distributed policy
learning across platoon members and reduces the complexity of multi-vehicle control.

Wang et al. (2025b) further consider mixed platoons containing connected
autonomous vehicles and human-driven vehicles. The proposed framework character-
izes aggregated human-driving behavior through traffic-flow and car-following models,
and incorporates previous control inputs into the SAC state representation to address
communication delay. The learned policy directly generates longitudinal control inputs
subject to vehicle acceleration limits. Xu et al. (2026) further address time-varying
delay and packet loss through DCT-MARL. A gated communication mechanism
dynamically adjusts inter-vehicle information exchange, while historical control and
delay information are incorporated into the agent state. The resulting policy outputs
commanded acceleration for following vehicles, improving platoon string stability and
driving comfort under non-ideal V2V communication.

B. Cooperative Lane-Changing Control

Cooperative lane-changing control coordinates the longitudinal and lateral motions
of the lane-changing vehicle and surrounding vehicles to create suitable gaps and com-
plete lane changes smoothly. Recent studies increasingly employ reinforcement learning
and learning-based control to generate coordinated vehicle motions from multi-vehicle
interactions. Wang et al. (2024b) propose a multi-agent reinforcement learning frame-
work for mandatory lane changing in bottleneck areas, where each CAV continuously
generates longitudinal and lateral accelerations. A buffer-zone strategy maintains
suitable spacing before the bottleneck, while a two-dimensional collision-avoidance
mechanism masks unsafe actions during execution. Yao et al. (2024a) further consider
cooperative lane changing in mixed traffic containing CAVs and human-driven vehicles.
The TD3-based controller generates the longitudinal and lateral accelerations of the
target vehicle and the longitudinal accelerations of the new leader and follower when
they participate in cooperative control. A feedback module pre-computes the utilities
of potential lane-changing executions in terms of safety, efficiency, comfort, and ecol-
ogy to guide subsequent lane-changing decisions. Wan et al. (2024) further combine
multi-agent reinforcement learning with model-based lateral control for platoon lane
changing. A fully decentralized MA-DDPG framework generates longitudinal acceler-
ations for platoon following under different communication topologies, while adaptive
MPC tracks the lateral lane-changing trajectory and a fuzzy controller compensates
the front-wheel steering angle.
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C. Cooperative Intersection Control

Cooperative intersection control coordinates the motion of multiple connected vehi-
cles approaching and traversing an intersection to avoid conflicts while maintaining
traffic efficiency. Recent studies increasingly employ multi-agent reinforcement learn-
ing to generate cooperative vehicle motions at unsignalized intersections. Guillen-Perez
and Cano (2022) develop an end-to-end multi-agent deep reinforcement learning frame-
work for autonomous intersection management, where the learned policy determines
the normalized speed that each controlled CAV should follow at the next time step,
enabling collaborative intersection crossing without traffic signals. Gao et al. (2025)
further propose a behavior-constrained MAPPO framework for cooperative vehicle
control. The learned policy generates longitudinal acceleration commands and steering
variations for CAVs. Formal safety verification introduces penalties for risky interac-
tions, while behavior constraints are triggered when interactions become unsafe. Zhao
et al. (2025) further extend safe multi-agent reinforcement learning to all-directional
unsignalized intersections through a centralized MAPCPO framework. Approaching
vehicles transmit their kinematic information to a central controller, while a queue-
based dynamic state input handles changing traffic and LSTM units capture vehicle
interactions and historical state information. The learned policy jointly performs lat-
eral and longitudinal vehicle control, while MAPCPO constrains policy updates within
explicit safety limits.

Overall, reinforcement learning and multi-agent learning enable cooperative con-
trollers to directly optimize continuous vehicle motions from multi-vehicle interactions,
improving adaptability to nonlinear coupling, mixed traffic, and changing communi-
cation conditions. However, these methods still depend heavily on training scenarios
and communication quality, and their scalability, generalization to unseen vehicle
behaviors, and reliable safety guarantees under large-scale interactions remain limited.

4.4.3 Safety-Critical Vehicle Execution

Safety-critical vehicle execution provides a protection layer between nominal motion
commands and physical vehicle actuation, ensuring that acceleration, steering, and
other control inputs satisfy collision-avoidance requirements, vehicle-dynamic limits,
and actuator constraints. Conventional control barrier function (CBF)-based safety
filters modify nominal commands when predefined safety constraints are close to being
violation. However, manually constructing suitable barrier functions becomes diffi-
cult for nonlinear dynamics and complex traffic interactions, while learning-based
controllers such as reinforcement learning do not inherently guarantee constraint sat-
isfaction. Recent studies therefore increasingly learn barrier functions and integrate
CBF constraints with learned control policies.

One line of recent work reduces the dependence on handcrafted safety functions
by learning CBFs from data. So et al. (2024) propose a policy neural control barrier
function (PNCBF), which constructs a CBF by learning the value function of a nominal
policy and uses the learned certificate as a safety filter. Yin et al. (2025) further
extend PNCBFs to discrete-time systems and learn an approximate discrete-time CBF
for sampling-based model predictive control (MPC). The learned barrier function is
incorporated into variational inference MPC, while a resampling strategy improves
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sampling efficiency under safety constraints. The resulting Neural Shield-VIMPC is
further validated in simulation and on the AutoRally autonomous-vehicle platform.
A representative discrete-time CBF condition employed by Yin et al. (2025) can be
expressed as

B(f(xp, w(xr))) — Blax) < —a(B(xg)), S ={z|B(z) <0}, (14)

where B(x) characterizes the safety boundary of the discrete-time system, f(zg, 7(zx))
denotes the state reached after applying policy 7, and «(:) is an extended class-K
function. The inequality restricts the evolution of the barrier value so that a state
initially satisfying B(z) < 0 does not cross the prescribed safety boundary during
subsequent control. Neural-CBF methods replace the manually constructed B with
a learned approximation, but additional verification may still be required before the
learned function can provide formal safety certification.

Beyond learning the barrier function itself, recent studies increasingly integrate
barrier-function-based constraints with reinforcement learning to improve safety dur-
ing policy learning and execution, as reviewed by Kushwaha and Biron (2026). Wang
et al. (2025a) propose knowledge-enhanced safe reinforcement learning for autonomous
driving, combining a high-order CBF-based model constraint with a model-free con-
straint that estimates the distribution of accumulated safety cost. Both constraints
are incorporated into a Lagrangian framework for safe policy optimization. Zhou et al.
(2026) further introduce cooperative CBF constraints into multi-agent reinforcement
learning for mixed-autonomy platoon control. A differentiable quadratic programming
layer incorporates CBF-based safety constraints into the learned controller, while
conformal prediction quantifies uncertainties in surrounding-vehicle behaviors and
introduces the resulting bounds into the safety constraints. Luo et al. (2026) further
integrate CBF constraints into cooperative lane-changing multi-agent reinforcement
learning. CBF-MAAC computes dynamic safe action ranges and maps actor outputs
into these ranges, allowing safety constraints to restrict both policy exploration and
vehicle-motion execution.

Overall, learning-based CBF's reduce reliance on manually designed safety func-
tions, while CBF-integrated reinforcement learning introduces explicit safety con-
straints into learned vehicle control. However, verification of learned barriers, gen-
eralization to unseen traffic conditions, real-time computation, and feasibility under
multiple simultaneous safety constraints remain important challenges.

More importantly, embodied intelligence in IoV does not terminate at vehicle exe-
cution. The executed acceleration, steering, and cooperative control commands change
both the vehicle state and the surrounding traffic environment, and these physical
changes are subsequently captured by onboard sensors and V2X-connected agents.
This continuous interaction between vehicle actions and the evolving environment is
a key characteristic of closed-loop autonomous driving (Li et al. 2026a). Based on the
updated observations, the perception module reconstructs the current traffic scene,
while the cognition module further interprets vehicle states, surrounding agents, and
their interactions. The decision-making module then generates new driving decisions
according to the updated scene understanding, and the execution module realizes
these decisions through vehicle motion control. Accordingly, perception, cognition,
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decision-making, and execution form a continuous feedback loop rather than an iso-
lated sequential pipeline, enabling embodied vehicles to repeatedly sense, understand,
decide, act, and adapt as the traffic environment evolves.

5 Datasets for Embodied Intelligence in Internet of
Vehicles

Datasets provide the empirical foundation for developing and evaluating embodied
intelligence in IoV. Different stages of the embodied closed loop require distinct
forms of data supervision: distributed sensor observations support collaborative
perception, intention and motion annotations facilitate cognitive reasoning, and tra-
jectories, actions, rewards, and control signals enable decision-making and execution.
Accordingly, this section organizes representative datasets into collaborative embodied
perception datasets, traffic scene understanding datasets, and interactive decision-
making and execution datasets, with the characteristics of the three dataset categories
summarized in Tables 2, 3, and 4. The representative datasets in Tables 2-4 are com-
pared in terms of data source, participating entities or cooperation modes, sensing
modalities, task targets, and reported scale.

5.1 Collaborative Embodied Perception Datasets

Collaborative embodied perception datasets provide the observational basis for
embodied agents to construct vehicle-centered representations of dynamic traffic
environments. Unlike conventional single-vehicle datasets that describe the environ-
ment from an isolated sensing viewpoint, collaborative embodied perception datasets
record complementary observations distributed across connected vehicles, roadside
infrastructure, and other embodied sensing entities, including configurations based
on infrastructure-to-infrastructure (I2I) cooperation. Cross-agent poses, calibration
parameters, timestamps, and perception annotations are commonly provided to sup-
port embodied information sharing, spatial-temporal alignment, multimodal fusion,
and collaborative scene construction. Table 2 compares representative datasets accord-
ing to cooperation mode, data source, input modality, embodied representation type,
and reported scale.

Existing datasets mainly support three levels of embodied scene representation:
object-centric, BEV semantic, and 3D occupancy representations. Object-centric
datasets constitute the dominant category and provide 3D bounding boxes, object
attributes, and motion states for collaborative detection, tracking, and target-state
estimation. Such representations allow embodied vehicles to identify surrounding traf-
fic participants and establish basic interaction objects. BEV semantic datasets further
organize vehicles, roads, lanes, and other traffic elements within a unified BEV space,
enabling embodied agents to construct structured spatial representations beyond
isolated objects. More recent 3D occupancy datasets discretize the surrounding envi-
ronment into volumetric grids and annotate occupancy states or semantic categories,
thereby extending embodied perception from sparse traffic entities to dense modeling
of visible and occluded spaces.
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Table 2 Representative datasets for collaborative embodied perception

Dataset Year  Cooperation Source Input modalities Type Dataset scale
Mode
Camera  LiDAR  Radar Scenes Frames /
samples
VIC-Sync (Yu et al. 2022  V2I Real-world v v - Object-centric ~ — 9,311
2022a)
V2V4Real (Xuetal. 2023 V2V Real-world v v - Object-centric 67 20,000
2023b)
TUMTraf- 2024 V21 Real-world v v - Object-centric ~ — 2,000
V2X (Zimmer et al.
2024)
V2X-Real (Xiang 2024 V2V /121 Real-world v v - Object-centric ~ — 33,000
et al. 2025)
RCooper (Hao et al. 2024  I2I Real-world v v — Object-centric  — 30,000
2024)
DOLPHINS (Mao 2022 V2V / V2l  Simulation v v - Object-centric 6 42,376
et al. 2023)
V2X-Radar- 2025 V21 Real-world v v v Object-centric 50 20,000
C (Yang et al
2025a)
V2X-R (Huang 2025 V2X Simulation v v v Object-centric 12,079 37,727
et al. 2025¢)
V2X-Sim (Li et al. 2022 V2V / V2l  Simulation v v - BEV semantic 100 10,000
2022b)
OPV2V (Xu et al. 2023 V2V Simulation v - - BEV semantic 73 11,464
2023a)
DeepAccident (Wang 2024 V2V / V2I  Simulation v v - BEV semantic 691 57,000
et al. 2024c)
M2I (Zhang et al. 2025 121 Simulation v v - BEV semantic 1,103 278,184
2025d)
M3CAD (Zhu et al. 2026 V2V Simulation v v - BEV semantic 204 30,000
2026)
Semantic- 2024 V2V Simulation v - — 3D occupancy 73 11,464
OPV2V (Song et al.
2024)
UniOcc (Open- 2025 V2V Simulation v - - 3D occupancy - —
COOD) (Wang
et al. 2025d)
Note: v indicates that the modality is available or explicitly used for the listed benchmark; — indicates unavailable or not reported. Annotation counts are

excluded from dataset scale. Year denotes the dataset’s first public release year and may differ from the publication year of the cited paper.



Substantial differences can also be observed in collection environments, sensing
configurations, and embodied cooperation patterns. Real-world datasets mainly focus
on V2V, V2I, or I2I cooperation and remain concentrated on object-centric embodied
perception, whereas simulation facilitates large-scale generation of BEV semantic and
3D occupancy annotations. Camera—LiDAR configurations dominate current datasets
because camera and LiDAR provide complementary semantic and geometric infor-
mation for embodied scene construction, while radar-supported collaborative datasets
remain comparatively limited. Existing benchmarks therefore support increasingly
diverse forms of embodied perception, but large-scale real-world datasets covering
heterogeneous sensors, asynchronous observations, dense spatial annotations, adverse
conditions, and broader multi-entity embodied interaction remain insufficient.

5.2 Traffic Scene Understanding Datasets

Traffic scene understanding datasets provide the supervision required for vehicle-
centered embodied agents to transform perceptual observations into task-oriented
interpretations of traffic environments. Collaborative embodied perception describes
observable objects, spatial structures, and environmental states, whereas traffic scene
understanding further interprets the latent meanings and possible evolution underlying
these observations. Historical motion, road structures, traffic controls, agent attributes,
interaction relations, and ego-vehicle states are therefore organized to support the
inference of behavioral intentions, future motion, potential risks, and scene semantics.
Through such understanding, an embodied vehicle can move beyond static recogni-
tion and establish an internal representation of the potential behaviors of surrounding
traffic agents and the subsequent evolution of the physical traffic environment.

Existing datasets support different levels of traffic scene understanding, ranging
from intention and trajectory prediction to behavior understanding and scene-level
cognition. Intention datasets focus on latent actions such as pedestrian crossing, vehicle
turning, yielding, or lane changing, while trajectory datasets describe possible future
motions under road and interaction constraints. Behavior datasets provide action-
or event-level annotations for interpreting observable traffic activities. Traffic scene
understanding datasets further incorporate risk objects, causal explanations, ques-
tion answering, and language-based scene interpretation, enabling embodied agents to
associate traffic observations with higher-level semantic judgments. Table 3 compares
representative datasets according to data source, involved traffic-agent categories,
scene-understanding task, and reported scale.
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Table 3 Representative Datasets for Traffic Scene Understanding

Dataset Year Source Ego / driver Vehicle Pedestrian Cyclist Task type Dataset
scale

JAAD (Rasouli et al. 2017) 2017  Real-world - - v - Intention 346

PIE (Rasouli et al. 2019) 2019  Real-world - - v - Intention 1,842

STIP (Liu et al. 2020a) 2020 Real-world - v Intention 1,108,176

Brain4Cars (Jain et al. 2015) 2015 Real-world v - - - Intention 700

LOKI (Girase et al. 2021) 2021 Real-world - v v v Intention 644

IDD-PeD (Bokkasam et al. 2025 Real-world - - v - Intention 5,000

2025)

PIE4++ (Khindkar et al 2024 Real-world - - v - Intention 5,607

2024)

DRAMA-X (Godbole et al. 2025 Real-world v - v v Intention 5,686

2025)

INTERACTION (Zhan et al. 2019 Real-world - v v v Trajectory 40,054

2019)

INT2 (Yan et al. 2023b) 2023 Real-world - v v v Trajectory 612,000

WOMD (Ettinger et al. 2021) 2021 Real-world - v v v Trajectory 103,354

V2X-Seq-TFD (Yu et al 2023 Real-world - v v v Trajectory 210,000

2023)

V2X-Traj (Ruan et al. 2024) 2024 Real-world - v v v Trajectory 10,102

TITAN (Honda Research 2020 Real-world v v v v Behavior 700

Institute USA 2020)

ROAD (Singh et al. 2023) 2021 Real-world - v v v Behavior 22

WOMD-Reasoning (Li et al. 2025 Real-world - v v v Cognition 3,000,000

2025b)

BDD-X (Kim et al. 2018) 2018 Real-world v - - - Cognition 6,970

BDD-OIA (Xu et al. 2020) 2020 Real-world v v v v Cognition 22,924

DRAMA (Malla et al. 2023) 2023 Real-world - v v v Cognition 17,785

DriveLM-nuScenes (Sima 2024 Real-world v v v v Cognition 4,871

et al. 2025)

Reason2Drive (Nie et al. 2024 Real-world v v v v Cognition 600,000

2025)

Note: v' indicates that the corresponding agent category is included or explicitly considered; — indicates unavailable or not emphasized. Task labels denote

intention prediction, trajectory reasoning, behavior understanding, and traffic scene understanding. Dataset scale follows each dataset’s reported unit and is
not directly comparable across all rows. Year denotes the dataset’s first public release year and may differ from the publication year of the cited paper.



5.3 Interactive Decision-Making and Execution Datasets

Interactive decision-making and execution datasets support the transformation of traf-
fic cognition into goal-directed behavior and physically feasible vehicle execution. After
an embodied vehicle has interpreted road structures, surrounding-agent intentions,
potential risks, and future traffic evolution, the embodied vehicle must determine how
to respond within traffic rules, safety constraints, and vehicle dynamics. Relevant
datasets therefore provide supervision in the form of behavior labels, planned tra-
jectories, expert demonstrations, execution sequences, reward signals, and low-level
control commands. Unlike embodied cognitive reasoning datasets that mainly predict
or explain environmental evolution, decision-making and execution datasets directly
describe how a vehicle-centered embodied agent should operate in the physical traffic
environment.

Existing datasets cover multiple levels of embodied decision-making and execution.
Behavior-decision and trajectory-planning datasets supervise the selection of driving
maneuvers and the generation of future motion paths. Vision-language trajectory-
planning datasets further associate multimodal scene understanding and linguistic
instructions with embodied execution outputs. Offline reinforcement-learning datasets
provide state, action, reward, and transition records for learning embodied policies
without continuous online interaction. Planning-and-control datasets jointly evalu-
ate trajectory generation and closed-loop vehicle operation, whereas steering-control
datasets focus on converting perceptual observations into low-level actuation com-
mands. Table 4 compares representative datasets according to data source, embodied
target, task orientation, and reported scale, distinguishing datasets that primarily sup-
port embodied decision-making, embodied execution, or the integrated optimization
of embodied decision-making and execution.

6 Evaluation Metrics for Embodied Intelligence in
Internet of Vehicles

6.1 Perception Fidelity

Perception fidelity characterizes how faithfully an embodied vehicle converts multi-
modal observations into an internal representation of the surrounding traffic environ-
ment. In embodied intelligence, the internal representation of the surrounding traffic
environment provides the perceptual basis for interaction reasoning, decision-making,
and closed-loop execution. Perception-fidelity evaluation should therefore examine
whether traffic participants are correctly detected and localized, whether scene seman-
tics and spatial occupancy are accurately reconstructed, and whether dynamic states
remain temporally consistent.

At the object level, precision is calculated as the ratio of correct detections to
all reported detections and therefore quantifies the reliability of the reported detec-
tions. Recall divides the number of successfully detected objects by the total number
of ground truth (GT) objects, indicating whether relevant traffic participants are
omitted. Average precision (AP) summarizes the precision-recall relationship for one
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Table 4 Representative embodied decision-making and execution datasets

Dataset Year Source Embodied target Task Scale
Decision-
making  Execution
M3CAD (Zhu et al. 2026 Simulation v - TP 30,000
2026)
V2Xverse (Liu et al. 2025 Simulation v - TP 36,130
2025a)
VLA4CoDrive (Borou- 2026 Simulation v - TP 1,000,000
jeni and Razi 2026)
nuPlan (Karn- 2024 Real-world v - TP 1,282
chanachari et al. 2024)
CoVLA (Arai et al. 2025 Real-world v - VLTP 10,000
2025)
BDD-OIA (Xu et al. 2020 Real-world v - BD 22,924
2020)
AD4RL (Lee et al. 2024 Hybrid v - ORL 19,000,000
2024)
Bench2Drive (Jia et al. 2024  Simulation v v PC 2,000,000
2024)
D4RL-CARLA (Fu 2020 Simulation v v ORL- 2,000,000
et al. 2021) C
DDD17 (Binas et al. 2017 Real-world - v SC 12
2017)
DDD20 (Hu et al. 2020 Real-world - v SC 51
2020)

Note: v indicates that the dataset officially supports or explicitly targets the corre-
sponding embodied decision-making or execution task. — indicates unavailable or not
emphasized. Abbreviations: TP = trajectory planning, VLTP = vision-language trajec-
tory planning, BD = behavior decision, ORL = offline reinforcement learning, PC =
planning and control, ORL-C = offline reinforcement learning for control, SC = steering
control. Dataset scales follow the original units reported by the corresponding publica-
tions and are not directly comparable across datasets. Year denotes the dataset’s first
public release year and may differ from the publication year of the cited paper.

category across confidence thresholds, while mean average precision (mAP) averages
AP over all evaluated categories:

1 C
AP, = / pe(r) dr, mAP = 1 Z AP.. (15)
0 C c=1

Here, p.(r) denotes the precision of category c¢ at recall r, AP, is its average
precision, and C is the number of evaluated categories.

For 3D detection, AP3p determines matches using complete three-dimensional
bounding boxes and evaluates volumetric localization, whereas APggy performs
matching on ground-plane projections and emphasizes horizontal position and foot-
print consistency (Geiger et al. 2012).

At the scene level, pixel accuracy is calculated as the proportion of correctly clas-
sified pixels or BEV cells, providing an overall measure of semantic classification.
Because pixel accuracy is biased toward large-area classes, Intersection over Union
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(IoU) is more commonly used to measure the overlap between the predicted and ref-
erence regions of each semantic category. Mean IoU (mloU) averages the class-wise
results using true positive (TP), false positive (FP), and false negative (FN) counts:

B TP,
~ TP, + FP, + FN,’

Here, TP, FP., and FN. denote correctly classified, falsely assigned, and missed
elements of category c, respectively.

In BEV segmentation, mIoU evaluates roads, lane boundaries, and pedestrian
crossings. For 3D occupancy prediction, geometric IoU ignores category labels and
compares occupied with free voxels, whereas semantic mloU preserves voxel classes.
RayloU casts query rays into the predicted and reference volumes and evaluates the
category and depth of the first occupied voxel, revealing depth inconsistencies not
captured by voxel-wise overlap metrics (Tang et al. 2024).

Temporal fidelity examines whether embodied perception maintains stable iden-
tities and motion states across successive observations. Multiple Object Tracking
Accuracy (MOTA) aggregates FN, FP, and identity switches (IDSW) relative to the
number of GT objects:

C
1
ToU, mloU = ~ > ToU.. (16)

c=1

> (FN; + FP, + IDSW,) (17)
Zt GT,

Here, FN;, FP;, IDSW,, and GT,; represent the FN, FP, IDSW, and GT counts at
time t, respectively.

Multiple Object Tracking Precision (MOTP) averages the localization discrepancy
of matched tracks and measures spatial tracking precision (Bernardin and Stiefelhagen
2008). Identification F1 score (IDF1) combines identity precision and identity recall
to assess whether the same physical agent retains a consistent identity throughout a
sequence (Ristani et al. 2016).

Taken together, the object-level, scene-level, and temporal-fidelity metrics indicate
whether the embodied world representation is sufficiently accurate, complete, and
temporally coherent to support reliable cognition, decision-making, and execution.
Because aggregate scores alone do not expose failures under safety-critical conditions,
results should also be reported separately for different sensing distances, levels of
occlusion, weather conditions, sensor-noise levels, and communication-quality settings.

MOTA =1—

6.2 Reasoning Accuracy

In vehicular embodied intelligence, reasoning accuracy measures whether an embodied
agent can derive correct semantic conclusions and reliable future-state estimates from
the internal traffic-environment representation constructed by the embodied agent.
The derived semantic conclusions and future-state estimates connect environmental
understanding with interaction, decision-making, and closed-loop execution. Because
embodied cognition produces both discrete judgments, such as traffic-rule states and
agent intentions, and continuous predictions, such as future trajectories, the evaluation
of embodied cognition generally combines classification-based and displacement-based
metrics.
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For traffic-situation assessment and intention inference, accuracy is calculated as
the proportion of samples assigned to the correct category and therefore measures
the overall correctness of the inferred labels. Precision measures the proportion of
predicted instances of a target state that are correct, whereas recall measures the pro-
portion of the target state’s GT instances that are successfully identified. F1 combines
precision and recall through the harmonic mean of precision and recall:

_ 2PR
- P+R

Here, N is the number of evaluated samples, while g; and y; denote the pre-
dicted and GT labels of sample i. P and R represent precision and recall, respectively
(Kotseruba et al. 2021).

Accuracy provides an intuitive overall score but is often dominated by frequent
states, such as lane-keeping or non-crossing behavior. F1 jointly penalizes FP and FN
reasoning results and is therefore more suitable for evaluating a safety-critical target
state. For multi-class reasoning, Macro-F1 first computes F1 for each category and
then averages the class-wise values with equal weight, reducing the influence of class
imbalance.

Future-state reasoning is evaluated by comparing predicted trajectories with the
observed future motion. Average Displacement Error (ADE) averages the Euclidean
distance between predicted and GT positions over the entire prediction horizon,
whereas Final Displacement Error (FDE) measures the position error at the final time
step:

N
1
A = — ]IAi:i7 F1 1
cc N;(y, yi) (18)

T
1 R .
ADE = T;th_@ﬂb, FDE = ||#7 — 27|, . (19)

Here, T denotes the number of predicted time steps, and Z; and x; are the predicted
and GT positions at time ¢, respectively. Lower ADE and FDE indicate more accurate
trajectory inference.

When multiple futures are generated, minADE and minFDE select the smallest
ADE and FDE among the K candidate trajectories according to the benchmark pro-
tocol. MinADE and minFDE therefore measure whether the candidate set contains
at least one trajectory close to the realized future. Miss Rate (MR) calculates the
proportion of samples for which the endpoint of every candidate trajectory exceeds
a benchmark-defined distance threshold from the GT endpoint, thereby revealing
whether the predicted modes fail to cover the actual future (Wilson et al. 2021).

Classification metrics and trajectory metrics assess complementary aspects of
embodied reasoning: the former evaluate the correctness of semantic conclusions,
whereas the latter quantify the geometric agreement between inferred and observed
futures. However, fixed-dataset scores cannot fully capture how reasoning errors influ-
ence interaction, decision-making, and execution in closed-loop traffic environments.
Results should therefore also be reported across interaction types, prediction horizons,
class distributions, and safety-critical scenarios.
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6.3 Decision-Making Effectiveness

In vehicular embodied intelligence, the decision-making module generates and
selects driving strategies based on traffic cognition, including scene understanding,
interaction-intention inference, and future-state prediction. Decision-making quality
evaluates whether the selected strategy enables the embodied vehicle to accomplish
the prescribed driving objective while maintaining safety, traffic-rule compliance, effi-
ciency, and passenger comfort. Because each strategy alters subsequent observations
and interactions, safety, traffic-rule compliance, efficiency, and passenger comfort are
primarily assessed under closed-loop conditions.

Task accomplishment is commonly measured by route completion (RC) and success
rate (SR). RC is the completed route length divided by the prescribed route length,
whereas SR is the proportion of routes in which the vehicle reaches the prescribed
destination within the allotted time and without benchmark-defined infractions:

completed
Li

% 100%, SR = |success (20)

TNtotal

RCi = ~Twowe

Here, L™ and Lroute denote the completed and total lengths of route 4, while
Nguccess aNd Total are the numbers of successful and evaluated routes. RC preserves
partial progress when a route is interrupted, whereas SR applies a stricter criterion to
complete task achievement (Jia et al. 2024).

Safety and rule compliance are evaluated through collisions, red-light and stop-
sign violations, off-road driving, and related infractions. CARLA-based evaluation
combines route progress with multiplicative penalties in the driving score (DS):

N n;
DS = %Z RC; HPi,j : (21)
i1 j=1

Here, N is the number of routes, n; is the number of multiplicatively penalized
infractions on route ¢, and p; ; € [0,1] is the corresponding penalty coefficient. DS
decreases as infractions accumulate, preventing route progress from masking unsafe
or illegal decisions. Individual infraction frequencies should also be reported because
the aggregate score does not identify the source of performance degradation (Jia et al.
2024).

Decision-making efficiency measures whether the policy maintains traffic-
compatible progress without unnecessary waiting, deadlock, or excessive conservatism.
Bench2Drive defines speed percentage (SP) by comparing the ego-vehicle speed with
the average speed of nearby traffic at each valid checkpoint and obtains driving
efficiency (DE) by averaging the resulting ratios:

veEe 1 &
SPy = —errs DE = ) Z SP,. (22)
v, 1

Here, @ is the number of valid speed checks, while vg®® and Eg‘earby denote the
ego and nearby-traffic speeds at checkpoint ¢. A higher score indicates stronger traffic
progress but should be interpreted together with safety performance (Jia et al. 2024).

44



Comfort characterizes the smoothness of the executed closed-loop trajectory.
Fixed-length trajectory segments are evaluated using longitudinal and lateral acceler-
ation, yaw rate, yaw acceleration, and jerk-related variables. A segment is considered
smooth only when all variables remain within predefined bounds:

Ng
Smoothness = —mo0th (23)
total

Here, Ngmooth and Ny denote the numbers of smooth and evaluated segments.
A higher score indicates fewer abrupt motions and better passenger comfort (Jia et al.
2024).

Overall, closed-loop benchmarks extend decision-making evaluation beyond task
completion by jointly considering safety, efficiency, and comfort. The joint assessment
of task completion, safety, efficiency, and comfort provides a more comprehensive basis
for evaluating whether an embodied vehicle can generate effective strategies from traf-
fic cognition and sustain goal-directed interaction with the environment. Nevertheless,
composite scores often obscure distinct failure modes; disaggregated results across
interaction types and safety-critical scenarios remain necessary to identify unsafe,
overly conservative, or dynamically unstable strategies.

6.4 Execution Quality

In vehicular embodied intelligence, execution quality evaluates the ability of the
vehicle control module to accurately and promptly track the reference trajectory
or achieve the target state generated by the planning layer. The execution mod-
ule determines steering, driving, and braking commands, thereby completing the
perception—cognition—decision-making—execution loop. The performance of the exe-
cution module is primarily examined through tracking accuracy, transient stability,
computational timeliness, actuator feasibility, and robustness under varying operating
conditions.

Tracking accuracy is quantified from the discrepancy between executed and refer-
ence states. Lateral error measures the vehicle’s offset from the reference path, heading
error describes the angular difference between the vehicle orientation and the path
direction, and speed error quantifies longitudinal speed-tracking deviation. Depending
on the evaluated state, the root mean square error (RMSE) and maximum absolute
error can be expressed as:

T
1 2 max re
RMSE. = T ; (2 — 21°f)7, ET® = e |2 — 2°f]. (24)

Here, T denotes the number of control samples, while z; and zi*f represent the

executed and reference values at sample ¢t. Depending on the evaluation target, the
state z denotes lateral position, heading angle, or longitudinal speed (Yang et al. 2020).

RMSE summarizes tracking deviation over the complete test and assigns greater
weight to large errors, whereas the maximum absolute error records the worst observed
deviation. The former characterizes overall execution accuracy, while the latter reveals
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whether short-duration tracking errors approach operational limits. Existing vehicle-
control experiments consequently report lateral and heading errors separately and
examine the maximum lateral and heading errors under different trajectories.

Transient stability is further assessed through maximum overshoot, which records
the peak deviation beyond the reference during a steering or motion transition.
Smaller overshoot indicates that rapid reference changes are followed without exces-
sive correction or oscillation. Average computation time measures the typical online
computational demand per control cycle:

1 I
Te = T ;Tc,t- (25)

Here, 7.; denotes the time required to calculate the control command at step ¢
(Yang et al. 2020).

Lower computation time indicates reduced computational demand, while maxi-
mum computation time should additionally be examined when control-cycle deadlines
must be guaranteed. Original controller comparisons commonly report lateral RMSE,
maximum overshoot, and average computation time together to reveal the trade-off
between tracking precision, response stability, and real-time feasibility.

Actuator feasibility is examined from the magnitude and variation of executed
steering, driving, and braking commands. Steering saturation, high-frequency oscilla-
tion, or abrupt command changes indicate that low tracking error is achieved at the
expense of physically feasible or smooth control. Corresponding limits should therefore
be evaluated according to the vehicle architecture, such as steering-angle, steering-rate,
acceleration, and braking constraints (Liu et al. 2018).

Robustness is evaluated by repeating the above measurements under different
speeds, road curvatures, low-friction surfaces, model mismatches, time delays, and
external disturbances. Limited degradation in RMSE, maximum error, overshoot, and
computation time indicates that the embodied execution module can continue realizing
the selected motion under changing conditions (Yang et al. 2020; Liu et al. 2018).

Overall, execution quality requires a complementary assessment of tracking accu-
racy, transient response, computational feasibility, and actuator behavior. A low
average tracking error alone does not rule out large error peaks, delayed commands,
or unstable control actions.

7 Future Directions

Embodied intelligence for IoV integrates networked information exchange with the per-
ception, cognition, decision-making, and execution of connected vehicles and roadside
infrastructure in dynamic traffic environments. Recent studies have explored percep-
tion, cognition, decision-making, and execution capabilities across different functional
stages, but the field remains at an early stage, with many fundamental questions yet to
be resolved. Four directions are particularly relevant: perception fusion under ambient
uncertainty, generalizable intention prediction, policy learning in long-tail autonomous
driving scenarios, and experimental validation of vehicle motion control in real-world
environments.
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7.1 Vehicle Perception Fusion under Ambient Uncertainty

Existing embodied perception methods in IoV combine multimodal fusion, col-
laborator selection, perception information selection, spatial alignment, temporal
compensation, pose error correction, and unified representation fusion. Multimodal
fusion improves local object and occupancy perception, while V2X cooperation extends
sensing beyond line of sight and supplements observations of occluded traffic par-
ticipants. Spatial alignment and temporal compensation further reduce geometric
inconsistency and information staleness before aggregation. However, ambient uncer-
tainty remains after fusion because limited fields of view, unobserved regions, delayed
observations, and conflicting cross-agent estimates leave the existence, location, and
motion states of surrounding traffic participants uncertain. Confidence maps and
attention weights mainly indicate information relevance or feature importance rather
than calibrated residual uncertainty (Cho et al. 2025). Recent studies have there-
fore begun to introduce uncertainty quantification and uncertainty-aware fusion, while
using quantified uncertainty to guide perception information selection (Gawlikowski
et al. 2023; Chen et al. 2025).

Future research should develop a closed-loop perception-fusion process that contin-
uously estimates and reduces ambient uncertainty. A probabilistic scene representation
should first identify unobserved regions, low-confidence objects, and inconsistent state
estimates. Residual uncertainty should then guide collaborator selection and per-
ception information selection (Mukhopadhyay et al. 2026), allowing the ego vehicle
to acquire observations that are most likely to reduce uncertainty in safety-critical
regions. Selected observations should undergo spatial alignment, temporal compen-
sation, and pose error correction before entering a common representation space.
Uncertainty-aware fusion should update object states and occupancy representations
according to cross-agent consistency, temporal freshness, and calibrated confidence,
while unresolved conflicts should remain explicitly represented rather than being forced
into single deterministic estimates. Residual uncertainty should subsequently be prop-
agated to cognition and decision-making, where high-uncertainty states can trigger
additional information requests or conservative behavior generation. The result-
ing framework should support selective information acquisition, iterative scene-state
updating, calibrated uncertainty estimation, and real-time operation. Such devel-
opment can expand effective perception coverage, reduce missed detections behind
occlusions, improve cross-agent state consistency, and provide more accurate and
reliable traffic representations for closed-loop embodied interaction.

7.2 Generalizable Vehicle Intention Prediction

Existing intention-prediction methods can infer vehicle maneuvers, pedestrian crossing
intentions, and interaction-dependent behaviors from motion histories, road context,
agent relations, and multimodal observations (Karuppasamy et al. 2025). Early inten-
tion estimates provide behavioral evidence for traffic-risk assessment and planning
before the corresponding physical actions become fully observable. However, most
reported performance gains are still obtained within fixed datasets or narrowly defined
traffic domains. Cross-dataset evaluations reveal substantial accuracy degradation
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when visual conditions, road layouts, traffic composition, or regional behavior pat-
terns change (Yao et al. 2024b). Representative generalization studies also remain
concentrated on limited tasks, including intersection turning, two-vehicle passing and
yielding, and pedestrian crossing. Recent research has consequently begun to move
beyond source-domain accuracy by conducting cross-dataset evaluations, learning
causal time-series representations across driving domains, and incorporating scene
classification to strengthen generalization.

Future research should develop intention-prediction models that remain reliable
across unseen cities, road structures, traffic-agent populations, sensing configurations,
and V2X deployment conditions without complete retraining for every environment.
Developing such cross-domain capability first requires training data that cover dif-
ferent regions, road types, traffic rules, participant compositions, and connectivity
settings. Intention-prediction models should then identify behavioral cues that remain
informative across these environments, including motion evolution, gap acceptance,
rule compliance, and responses to surrounding agents, while reducing dependence on
background appearance, regional driving habits, and sensor-specific patterns. Road
topology, lane permissions, and traffic-control states should subsequently exclude
infeasible maneuvers and refine the candidate intention set for each traffic scene
(Grimm et al. 2025). Evaluation should finally reserve complete cities, road categories,
traffic-agent groups, and V2X configurations as unseen domains rather than drawing
random test samples from familiar datasets. Domain-generalized intention prediction
can reduce dependence on scenario-specific retraining, improve prediction reliability in
unseen traffic domains, and provide more stable cognitive inputs for risk assessment,
interaction negotiation, and behavior planning.

7.3 Policy Learning in Long-Tail Autonomous Driving
Scenarios

Existing policy-learning methods can generate lane-following, lane-changing, merg-
ing, intersection-crossing, and other driving decisions from expert demonstrations,
interaction rewards, and multimodal traffic observations (Jia et al. 2024). Learned
policies have achieved strong decision performance in frequently observed traffic con-
ditions and reduced dependence on manually specified driving rules. However, existing
datasets provide insufficient coverage of long-tail scenarios involving rare road geome-
tries, unusual agent behaviors, and complex multi-agent interactions. Limited exposure
to long-tail conditions can lead to brittle or unsafe decisions when traffic situations
extend beyond the training distribution. Recent research has begun to identify failure-
prone long-tail events from driving logs, reconstruct each event into an interactive
simulation, augment the reconstructed scenarios with diverse traffic variations, and
refine driving policies through reinforcement post-training (Yan et al. 2025). Current
methods nevertheless remain limited to failure modes already contained in collected
logs. Imperfect world reconstruction, incomplete modeling of pedestrians, cyclists, and
unstructured road users, manually defined rewards, and instability across multiple
rounds of post-training further constrain policy improvement.

Future research should extend long-tail event discovery beyond logged data through
closed-loop adversarial scenario generation and min—-max optimization (Nie et al.
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2026). Newly discovered conditions should be reconstructed into interactive worlds
and augmented with realistic and controllable behaviors of surrounding agents. The
resulting rollouts should support targeted reinforcement post-training, while learned
or verifiable reward functions should guide policy improvement according to colli-
sion avoidance, lane adherence, route progress, and more complex driving norms.
The improved policy should then be re-evaluated to discover unresolved or newly
introduced failure modes, followed by successive rounds of world modeling and
reinforcement post-training. Larger policy models and more sophisticated regulariza-
tion strategies should support stable multi-round post-training without interfering
with previously learned behaviors. Iterative refinement can expand decision coverage
beyond recorded long-tail events, narrow the simulation-to-road transfer gap, reduce
recurrent failures, and improve the safety and reliability of embodied decision-making
in the Internet of Vehicles.

7.4 Experimental Validation of Vehicle Motion Control in
Real-World Environments

Existing vehicle motion control methods can coordinate trajectory tracking, vehi-
cle stability, and actuator allocation in high-fidelity simulations, hardware-in-the-loop
platforms, and limited vehicle tests (Abtahi et al. 2025). Experimental validation
further examines whether control algorithms can maintain real-time computation,
accurate actuator execution, and closed-loop stability on physical vehicles. However,
predefined vehicle models and standard test maneuvers cannot fully reproduce tire—
road adhesion changes, actuator delays, sensor noise, onboard computing constraints,
or V2X communication latency. Most evaluations also remain limited to fixed road
conditions, bounded speed ranges, and specific vehicle configurations, leaving simu-
lated control performance insufficient to demonstrate reliable operation in complex
traffic environments (Zhao et al. 2024).

Recent studies have therefore shifted from simulation-based evaluation toward pro-
gressive experimental validation on real-time processors, prototype vehicles, closed
tracks, and public roads. Future validation should first integrate onboard measure-
ments, V2X information, and actuator feedback to estimate vehicle dynamics, road
adhesion, and available steering, driving, and braking capabilities (Ning and Behl
2024). Updated estimates should then revise reference motions and safety constraints
before control commands are issued. Recorded execution responses should support
online model correction and controller retuning. Experimental validation should
subsequently expand from hardware-in-the-loop tests to high-speed, low-adhesion,
actuator-degraded, and open-road conditions. Such development can improve the real-
time feasibility, stability, transferability, and safety of vehicle motion control across
vehicle platforms and traffic environments.

8 Conclusion

This survey examined embodied intelligence for the Internet of Vehicles from a vehicle-
centered and closed-loop perspective. Rather than treating vehicular networking,
perception, reasoning, planning, and control as separate research topics, the survey
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connected IoV information exchange and resource sharing with the continuous embod-
ied process of perception, cognition, decision-making, execution, and environmental
feedback. On this basis, existing techniques were organized according to their roles
in the embodied loop, while representative datasets and quantitative metrics were
reviewed for the corresponding perception, cognition, decision-making, and execution
tasks.

The reviewed literature shows that IoV has substantially extended the observa-
tional and computational capabilities of intelligent vehicles, particularly through mul-
timodal sensing, cooperative perception, and edge-cloud support. However, progress
remains uneven across the embodied process. Generalizable intention prediction,
interaction-aware decision-making, and physically grounded execution are still com-
monly studied under simplified communication conditions, short prediction horizons,
cooperative-agent assumptions, or module-level evaluation. The resulting gap means
that improvements in detection, prediction, or planning accuracy do not necessar-
ily translate into safe and effective vehicle behavior during continuous interaction.
Embodied intelligence in IoV therefore requires a shift from isolated module opti-
mization and information sharing toward temporally consistent traffic understanding,
interaction-aware coordination, and executable closed-loop behavior.

The synthesis is bounded by the rapid evolution of the field and by substantial dif-
ferences among datasets, communication settings, vehicle platforms, task definitions,
and evaluation protocols, which limit direct quantitative comparison across studies.
Within these boundaries, four priorities emerge: perception fusion under ambient
uncertainty, generalizable intention prediction, policy learning in long-tail autonomous
driving scenarios, and experimental validation of vehicle motion control in real-world
environments under communication, computing, and physical constraints. Progress
in these directions will depend on tracing how uncertainty and errors propagate
through the complete embodied loop and on evaluating whether networked intelligence
improves task completion and safety in realistic traffic environments. By providing a
unified technical organization, a task-oriented resource summary, and a closed-loop
research agenda, this survey offers a foundation for developing embodied IoV systems
that can move from connected information processing toward sustained and reliable
interaction with the physical traffic environment.
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