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ABSTRACT: As autonomous vehicle technology continues to evolve, ensuring its safety in complex and dynamic environments has
become a critical challenge. Knowledge Graphs (KGs) and Large Language Models (LLMs), as two cutting-edge approaches representing
the forefront of knowledge-driven and connectionist paradigms in modern artificial intelligence, are emerging as powerful tools for
enhancing autonomous vehicle safety. In this paper, we provide a comprehensive review of the applications of KGs and LLMs in
enhancing the safety of autonomous driving systems. Building upon a brief introduction to the fundamental concepts and underlying
technologies of KGs and LLMs, we then present their respective applications in autonomous vehicle safety from complementary
perspectives. We further compare the advantages and limitations of KGs and LLMs in terms of knowledge representation, inference
capability, scalability, and real-time performance. To leverage the complementary strengths of structured knowledge and language-
based reasoning, we review existing research efforts that integrate KGs and LLMs in the context of AV safety enhancement. Based on
this analysis, we propose a hybrid safety-enhancement framework that combines explicit knowledge structures of KGs with the flexible
reasoning capabilities of LLMs, offering a promising direction toward more robust, interpretable, and adaptive autonomous driving
systems.
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1 Introduction To address these issues, Knowledge Graphs (KGs) and Large
Language Models (LLMs) have attracted attention for their
1.1. Motivation potential to inject structured knowledge and advanced reasoning

Autonomous vehicles (AVs) show great promise for improving abilities into AV systems. KGs represent structured, symbolic
traffic safety and efficiency (D. Yang et al, 2018). However, knowledge through entities and their interrelations, enabling

complex real-world scenarios—with diverse participants and human-unfierstandable explic.it reasoning. B}f contrast, LLMS are
unpredictable interactions—remain a major challenge to current grounded in deep neural architectures and trained on massive text
AV systems (Peng et al,, 2023). Despite progressive advances in corpus to acquire statistical patterns of language or multimodal
sensors and learning-based models, current AVs still suffer in data. From the perspective of artificial intelligence (AlI)
understanding scene context, interpreting interactions, and development, KGs and LLMs represent the latest advancements of
handling rare or uncertain situations (McCarthy, 2022). This two typical paradigms of Al i.e., symbolism and connections, and
highlights the need for stronger reasoning, better knowledge both have been widely used in numerous areas.

representation, and more robust decision-making.
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Nomenclature (or others such as Abbreviation, if
applicable; nomenclature entries should have the units

identified)
A-Box Assertion Box
ADS Autonomous Driving System
AV Autonomous Vehicle
CoT Chain-of-Thought
DKG Dynamic Knowledge Graph
DSL Domain Specific Language
EKG Event Knowledge Graph
E2E End to End
GNN Graph Neural Network
KG Knowledge Graph
KGE Knowledge Graph Embedding
LLM Large Language Model
MLLM Multimodal Large Language Model
RAG Retrieval-Augmented Generation
SKG Static Knowledge Graph
T-Box Terminological Box
TKG Temporal Knowledge Graph
TTC Time to Collision
VLM Vision Language Model
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In the context of AV safety, KGs' strengths in structured
representation, causal reasoning, and knowledge traceability
contribute to more reliable scene interpretation and risk
avoidance. By modeling human driving knowledge, such as
traffic rules, object relations, driving experience, and
commonsense, KGs help AV systems maintain semantic
consistency and ensure explainable behavior. However, KGs
often require manual construction or expert curation and lack
scalability in open-world environments. Besides, the limited
reasoning capability makes KG struggle with handling
complex and highly semantic driving situations. In contrast,
LLMs excel at capturing semantic information and
generalizing across diverse contexts, enabling AV systems to
interpret unstructured inputs, adapt to rare scenarios, and
interact naturally through language. Yet, they may suffer from
hallucinations, lack grounded knowledge, and provide limited
interpretability in safety-critical decisions.

To this end, a growing body of promising research has begun
to explore the integration of KGs and LLMs to enhance AV
safety. These efforts aim to combine the explicit, domain-
grounded reasoning offered by KGs with the adaptive, context-
aware understanding enabled by LLMs. Such complementary
synergy has already demonstrated potential in tasks such as
prediction, decision-making, and risk recognition, especially in
scenarios that are rare, ambiguous, and dynamic. However, as
LLM remains a technology that emerged in recent years,
current research remains fragmented, in an early stage, and
facing challenges in knowledge alignment, reasoning efficiency,
and real-time applicability.

1.2. Contribution

To this end, we conduct a comprehensive review to synthesize
recent advances, identify research gaps, and provide insights
into the integration of KGs and LLMs for enhancing AV safety.

To the best of our knowledge, existing surveys cover relevant
pieces from different angles, such as traffic ontologies, LLM
applications in intelligent transportation, and neuro-symbolic
methods for AV. However, they typically focus on a single
methodology or a single stage of the safety workflow. In
contrast, as summarized in Table.1, this review provides an
explicit, lifecycle-oriented = comparison across the
development, V&V, and operation phases, and systematically
discusses both stand-alone and synergistic roles of KGs and
LLMs in enhancing autonomous vehicle safety. Therefore,
this review aims to fill this gap by:

e Systematically summarizing the current roles of KGs and
LLMsin AV safety;

e Analyzing their respective strengths and limitations in safety-
related applications;

® Reviewing recent research efforts that explore their
integration;

e And proposing a unified perspective and a hybrid
framework for future development.

This work aims to serve as both a reference for researchers and
a roadmap for advancing safety-enhancing Al in AV. The
structure of the remainder of this paper is shown in Fig.1,
organized as follows: in Sec2, we briefly introduce the
foundational concepts and core technologies of KGs and LLMs.
Methods for enhancing AV safety using KG and LLM are
respectively reviewed in Sec.3 and Sec4. Furthermore, we
compare their pros and cons in Sec.5, with the research on the
complementary integration of the two summarized in Sec.6. In
Sec.6.3.3, we propose a potential framework to integrate them
for AV safety. We discussed the current challenges and
promising researches in Sec.6.3.3. The paper is finally
concluded in Sec.8.

1 I @® Sec.2 Background: KGs and LLMs l

® Sec.3 KGs for Autonomous Vehicle Safety
® 3.1 Development Phase
v' Function-guided Ontology: completeness and
consistency
v" HARA
¥’ Traffic rules
¥" Failure mode analysis
3.2 V&V Phase
v’ Scenario-guided Ontology: layered scenarios
¥’ Test case generation
v’ Critical scenario assessment
® 3.3 Operational Phase
v' Sequence-guided Ontology: TKGs and EKGs
v Scene understanding
v’ Situation awareness
v Risk identification

@®Sec.5 Pros & Cons
® Knowledge Database
@ Reasoning Ability

® Human-Al collaboration
® Real-time Deployment

® Sec.4 LLMs for Autonomous Vehicle Safety
@® 4.1 Development Phase
v’ Datasets: standards, regulations, traffic laws,
accident databases
v' HARA
v' Failure mode analysis
4.2 V&V Phase
v/ Datasets: standards, driving scenario datasets,
risk datasets
v’ Test case generation
v’ Critical scenario assessment
@ 4.3 Operational Phase
v/ Datasets: hazardous objects, scene risks datasets
v" Anomaly detection
v’ Risk assessment
v' Defend external threats

® Sec.6 Integrating KGs and LLMs for Autonomous Vehicle Safety

® 6.1 LLM-enhanced KG
v/ Knowledge Representation

® 6.3 Synergized KGs and LLMs
v" Synergized Knowledge Representation

® 6.2 KG-enhanced LLM
v' KG-enhanced training

v Logic-based reasoning
v’ Network-based reasoning
v KG reasoning explanation

v’ LLM as an agent

v’ Sequential reasoning

v’ Parallel Synergy Framework

V' KG retrieval
v Augmentation and Generation
v RAG practices

® Sec.7 Challenges and Perspectives
@® Sec.8 Conclusion

Fig. 1. The framework and structure of this review
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Table 1. A Comparative Overview of Representative Surveys and Reviews on Knowledge Graphs and Large Language Models

for AV Safety
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1.3. Literature Coverage

To ensure comprehensive coverage in this survey, we collected
and filtered the literature from multiple public sources,
including major publisher databases such as IEEE and Elsevier,
preprint repositories such as arXiv, and official project websites
when relevant. In total, we reviewed and cited nearly 400
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papers in this review. Within these sources, beyond the core
terms of KG, LLM, and AV safety, we performed
combinational searches using KG-related keywords such as
scene graph, ontology, and OWL, LLM and synergy-related
keywords such as VLM, language, fine-tune, and RAG, and
AV safety-related keywords such as edge case, long tail, and
critical scenario, and then selected representative works from



the retrieved results. Considering the fast-evolving nature of
LLM research, where influential advances are often published
first as preprints and are later consolidated through peer-
reviewed publication, we did not restrict our coverage to peer-
reviewed papers only. Instead, we also extensively reviewed
preprints (e.g., from arXiv) and conducted additional quality
checks to ensure that the included preprint studies are
technically sound and relevant to the scope of this survey.

Fig. 2(a) summarizes the reviewed papers by publication year.
Early studies (up to 2018) are dominated by KG-related
research. With the emergence of the transformer architecture
and representative models such as BERT, a small number of
works on LLMs and KG-LLM integration began to appear.

100 || KG

80 [ KG+LLM
60 |
40

22HF|HF1F|

Count

(@) Publication years of the reviewed papers.

Since 2023, when GPT made LLMs widely recognized by the
community, researchers have increasingly explored the
potential of LLM-based and KG+LLM technical routes for AV
safety, and most of the reviewed studies fall into this recent
period. Fig. 2(b) further shows the application areas of the
reviewed works, where “General” refers to foundational
studies or research outside AV. The statistics suggest that KG-
LLM synergy is an emerging direction and remains
underexplored in AV and AV safety settings, leaving
substantial room to explore its potential. Accordingly, this
review aims to summarize existing efforts of KGs and LLMs
toward AV safety and to introduce mainstream KG-LLM
synergy directions, providing a structured reference for
researchers in this area.
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(b) Research scope of the reviewed papers

Fig. 2. The temporal and domain distributions of the reviewed paper.

2 Backgrounds: KGs and LLM

In this section, we will briefly introduce the basic concepts,
development, and key technologies of KGs and LLMs, as well
as their applications in AVs. The development timeline of these
two technologies with their integrations is shown in Fig.3.

LLM for Triple
AgentKG Generation
2025
Scenario KG GraphRAG

Deep Reasoning, MoE
(DeepSeek, Gemini 2.5, GPT-5)

2023 (NuScenesKG). Think on KG MLLMs (GPT-4, Gemini)
Neural-syn.‘wbollc Prompt Engineering, CoT
2022 foaconing Instruction-tuning (SFT,
Multi-modal KGs RLHF, ChatGPT)
(TIVA-KG) VLMs (CLIP)
2020 Event KG ERNIE 3.0 GPT-3
Pretrained LMs
COMET
Tempqral/ (BERT & GPT)
2017 Dynamic kG Transformers
Ontology
(schema.org)
KG embedding Attention
) {HEIE) Word Embedding
Commercial {word2vec & GloVe)
Search (google KG
(goog ) Deep Neural
Open-source KG Networks

(DBPedia)
Semantic Web (RDF & OWL)

KG LLM
Fig. 3. The development of KGs, LLMs and their integrations.

2.1. Knowledge Graphs in AV
2.1.1 Knowledge Graphs

A KG organizes information in the form of a graph, where
nodes represent entities or concepts and edges denote the
relationships between them (Hogan et al., 2021). By organizing
vast amounts of fragmented data into highly structured
information, KGs enable the modeling of complex interentity

2005

relations and support reasoning over these associations. The
structured reasoning paradigm ensures transparency and
reliability of KG-based reasoning systems, thereby providing a
foundation for responsible Al research (Buguefio et al., 2024).

KGs have evolved significantly to meet the increasing
complexity and dynamism of real-world applications (X. Jiang
et al,, 2023). Initially, static knowledge graphs (SKG) stored
knowledge that did not change over time, and dynamic
knowledge graphs (DKG) then introduced update
mechanisms to reflect evolving environments. Temporal
knowledge graphs (TKG) incorporated a time dimension to
represent the temporal dependency of knowledge, and event
knowledge graphs (EKG) further integrated events along with
their evolution over time (S. Xu et al, 2023). EKGs can
summarize changes in entity relationships with high-
dimensional semantic features. Their sequential and causal
relationships also support the prediction of event sequences,
making them particularly suitable for applications such as
traffic accident predicion (Guan et al, 2022). Future
developments are expected to include multi-modal KGs,
enriching their semantic representation capabilities.

Constructing a domain-specific KG involves three main steps:
knowledge extraction, fusion, and completion (L. Zhong et al.,
2023). In this process, ontologies are usually introduced to
define concepts, entities, and relationships within a specific
domain, thereby forming a structured knowledge hierarchy.
The ontology defines domain-specific concepts, relationships,
and rules, corresponding to the terminological box (T-Box) in
description logic. The associated data are structured based on
the ontology, corresponding to the Assertion box (ABox) in
description logic, enabling knowledge reasoning and
integration. Extraction derives entities and relationships from



unstructured data, while fusion aligns and integrates multiple
sources. Completion addresses the inherent incompleteness of
real-world KGs by inferring missing triples through reasoning
methods (J. Zhang et al., 2021), e.g,, link prediction.

To leverage the reasoning capability of neural networks,
knowledge graph embedding (KGE) techniques represent
entities and relations as vectors (Delong et al., 2023). These
embeddings support efficient downstream tasks such as link
prediction and semantic retrieval. Methods have evolved from
early translation-based models (e.g., TransE) to deep learning—
based approaches using graph neural networks (GNNs),
improving the ability to handle noisy, multimodal, and
dynamic driving scenarios (Bordes et al.,, 2013; B. Yang et al,,
2014; Dettmers et al., 2018; B. Jiang et al., 2019).

2.1.2 KGs in Autonomous Vehicles

KGs have been widely applied across various aspects of AV,
involving traffic flow prediction and management, perception
enhancement and path planning, scene description and test
case generation, as well as the prediction of hazardous events
in dynamic scenarios (Zipfl et al, 2023; Luettin et al., 2022;
Riedmaier et al., 2020; D. Xiao et al., 2023). The existing research
on vehicle-related ontologies spans from high-level concepts of
intelligent transportation system management to specific scene
descriptions for ADSs, encompassing aspects such as roads,
traffic signals, and vehicle behaviors (Katsumi and Fox, 2018).
These ontologies provide semantic support for traffic flow
prediction, route planning, and scene generation but remain
insufficient in risk identification and causal analysis with a
safety-oriented focus (Htun and Fukuda, 2024), and thus lack
dynamic reasoning ability to complex scenarios and
unforeseen events.

2.2 Large Language Models in AV
2.2.1. Large Language Models

Large Language Models mainly refer to transformer-based
models for Natural Language Processing tasks (NLP), which
contain millions or even billions of parameters and are trained
on a massive corpus. Benefiting from their wide coverage of
training data, LLMs exhibit impressive language
understanding, generation, and zero-shot transfer abilities,
which are not present in previous small models. The GPT series
is the work that made LLM widely known to the public
(Achiam et al., 2023; Brown, 2020; Radford et al., 2019; Radford,
2018). Other popular LLMs include BERT (Devlin et al., 2019),
T5 (Raffel etal., 2020), Qwen (Bai et al., 2023a), LLaMa (Touvron
et al., 2023), DeepSeek (D. Guo et al., 2025) etc. The processing
ability can be further extended to multi-modal, such as vision
and point doud, by corresponding modality encoders,
projectors, and training on multi-modal datasets, i.e., Multi-
Modal Large Language Models (MLLMs) (Qin et al., 2025; J. Li
et al,, 2022; Bai et al.,, 2023b;Y. Shen et al., 2023). This multi-
modal capability enables LLMs to handle a broader range of
tasks beyond language, particularly in domains such as AV
that involve multi-modal perceptual inputs and complex
reasoning.

Although pre-trained MLLMs possess extensive knowledge
from large corpora, they may struggle with complex tasks or
generating strictly formatted outputs in specialized domains. A
common solution is to Fine-Tune pre-trained LLMs on
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domain-specific datasets, enhancing their capabilities in task-
corresponding areas like AV (Han et al., 2024). Compared to
training from scratch, fine-tuning requires less data and
computational resources while leveraging the base model’s
language understanding, reasoning, and internal knowledge
(Xing et al., 2024).

Another key technique to enhance MLLMs' performance is
Prompt Engineering, which involves designing, optimizing,
and managing prompts to ensure accurate and efficient
execution of user instructions (Sahoo et al, 2024). Early
methods provided few input-output examples to induce task
understanding, known as one-shot or few-shot prompting (Lee
et al, 2024; Yong et al., 2023). Recent advances focus on chain-
of-thought (CoT) prompting (J. Wei et al,, 2022; Diao etal., 2023),
decomposing problems into ordered reasoning steps to guide
reasoning paradigm and model outputs. Variants include
automatic CoT (Z. Zhang et al., 2022), Logical CoT (X. Zhao et
al, 2024), Tree of Thought (Long, 2023), and Graph of Thought
(Besta et al., 2024).

A major challenge in deploying MLLMs on AVs is the
Hallucination problem, that models generate incorrect or
harmful outputs inconsistent with human values owing to
their large but unfiltered training data (L. Huang et al., 2025).
To mitigate this, LLM outputs are usually verified against
external retrievals (Min et al, 2023), internal consistency
(Dhuliawala et al., 2024), or uncertainty measures (Varshney et
al, 2023). Among them, Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020) improves MLLMs by incorporating
relevant external knowledge, enhancing accuracy, enabling
real-time information access, and reducing hallucinations (Ni
etal,, 2025). The detailed RAG procedure and applications will
be discussed in Sec.6.2.2.

2.2.2 MLLMs in Autonomous Vehicles

MLLMs' ability in wide-world knowledge understanding,
reasoning, and multi-modal processing provides promising
application potential for solving complicated AV tasks, e.g,
perception, scene understanding, decision-making, etc. For
example, MLLMs trained on large-scale image—text data enable
zero-shot recognition and broad category generalization,
which remain highly challenging for traditional perception
systems (X. Zhou et al,, 2023; Parisot et al,, 2023), as well as
improving Bird’s Eye View (BEV) perception by modeling
global interactions (Q. Xu et al., 2025). For scene understanding,
their contextual understanding ability is applied in the Visual
Question Answering (VQA) task to infer object behaviors and
intentions from visual inputs (Qian et al., 2024; Sima et al., 2024),
and in the Captioning task to produce structured, scene-level
descriptions that support downstream AV tasks (Malla et al,,
2023; J. Fang et al., 2021). In the decision-making field, LLMs
have been used to encode motion planning in natural language
(Mao et al., 2023b), such as representing trajectories via way-
point lists for better generalization (Mao et al, 2023a), or
converting human commands into objectives and constraints
for personalized planning (W. Huang et al., 2023).

With the rapid development of end-to-end (E2E) driving
systems, some researchers use MLLM as the main backbone to
handle the whole autonomous driving process with promising
onboard deployment, e.g., (R. Zhao et al., 2024; Z. Guo et al,
2024; X. Tian et al., 2024). Through MLLM, ADSs can provide



more explainable decisions, deal with many zero-shot long-tail Xu et al,, 2024b).
scenarios, and revolutionize the human-vehicle interactions (Z.
Development Phase V&V Phase Operational Phase

(" Function-Guided Ontologies

Scenario-Guided Ontologies 5
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Fig. 4. Research on KGs for AV Safety structured by the applications

3 KGs for Autonomous Vehicle Safety

Research on applying KGs to AV safety is still in its early stages,
limited by scarce annotated data and challenges in real-time
processing. Despite this, the field shows great promise,
especially for dynamic scene understanding and risk
prediction in complex scenarios with high safety demands. The
use of KGs in AV safety usually begins with constructing
ontologies that embed safety semantics and define domain
concepts, relationships, and constraints in a consistent manner.
Building on this foundation, KG-based techniques apply these
structures to support semantic integration, safety reasoning,
and dynamic risk analysis across different phases of the system
lifecycle.

This chapter aligns with the system safety lifecycle framework
(International Organization for Standardization (ISO), 2018,
2022a, 2022b), as shown in Fig. 4, reviewing the application of
KGs across three phases: functionality implementation and
enhancement during the development phase, functionality
testing and optimization during the verification and validation
(V&V) phase, and functionality monitoring and maintenance
during the operational phase of ADSs. KG-based research
directions for AV safety are summarized in Table.2, which
organizes representative tasks across safety lifecycle, and
reports for each task a set of representative works together with
the underlying data modalities, typical evaluation settings, and
the major practical limitations and challenges observed in
current studies.

Table 2. Summary table of KG-supported safety tasks across the lifecycle.
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3.1 KGs for AV Safety During Development Phase
3.1.1. Function-guided Ontology

In the development phase of AV, many functionalities rely on
models trained on datasets. However, manual annotations are
often incomplete, lacking small but safety-critical objects or
temporal, spatial, and causal relationships. Besides, the
inconsistency across datasets due to divergent labeling
schemes can lead to the omission or misinterpretation of safety-
critical scenarios. Ontology design guided by functional
requirements and safety requirements enables the construction
of task-relevant KGs that embed safety semantics and explicitly
capture spatial, temporal, functional, and causal relationships
to address these issues. Representative designs include multi-
layer KG frameworks integrating heterogeneous datasets for
perception and prediction tasks (Halilaj et al., 2022, 2023), core
ontologies supporting semantic traffic rule reasoning with
SWRL (L. Zhao et al., 2015a), and ontology-aware annotation
tools that generate RDF triples during labeling (Warren et al.,
2021).

To mitigate incompleteness, well-designed ontologies enable
KGs to infer missing entities and relations using commonsense
and domain knowledge, such as predicting a “cyclist” when a
“person rides bicycle” relation exists (Gouidis et al., 2019; Nag
Chowdhury et al, 2021), or identifying a “child” from the
presence of a rolling ball (Wickramarachchi et al., 2021, 2022).
For inconsistency, ontologies integrate heterogeneous datasets
into a unified semantic framework, enabling consistent labeling
and improving interoperability across multiple sources (Tran
etal., 2022; Henson et al.,, 2019; Schmid et al., 2019).

3.1.2. Key Techniques

Hazard analysis is essential in the development phase to
identify potential hazards, assess associated risks, and ensure
that safety requirements are satisfied before deployment. The
structural ~characteristics of KGs support knowledge
management in established processes such as STPA, enabling
hazards and reasoning procedures to be formally represented
and systematically analyzed (Roh and Lee, 2015; X. Liu et al,,
2021). Additional KG structures, such as operational scenario
ontologies, can be introduced to extend traditional hazard
analysis, enhancing analysis completeness by capturing
scenario-specific hazards and control relationships (M. Zhao et
al,, 2025). Furthermore, ontology-based methods can integrate
hazards and mitigation strategies into a unified representation,
even across different domains (A. Xiao et al, 2024), which
improves hazard identification and ensures vocabulary
consistency among experts and stakeholders (Ali et al., 2024).

During the development phase, it is essential to incorporate
road traffic rules to ensure that ADS can interpret and follow
legal requirements under diverse operational conditions. The

finite number of rules and their feature to be decomposed into
atomic components (W. Yu et al., 2024) make them inherently
suitable for knowledge-driven processing using KGs, where
ontologies are employed to formalize traffic regulations. Early
studies (Hiilsen et al,, 2011; L. Zhao et al,, 2015b) adopted
simplified ontology structures to represent specific rules for
different ADSlevels, e.g., AEB, while some approaches (Regele,
2008) employed abstract traffic models incorporating relations
such as “Conflicting” and “Neighboring” to support
compliance decisions in more complex scenarios. Subsequent
research enhanced these methods by incorporating location-
and domain-specific factors to dynamically construct sub-KGs
for different scenarios, enabling real-time reasoning with
greater efficiency (L. Zhao et al., 2015c, 2016; Hovi and Ichise,
2020). Other work addressed exceptional conditions through
ontology-based softening rules, allowing context-dependent
exceptions such as crossing solid lines to bypass obstacles
(Morignot and Nashashibi, 2012).

Accident analysis in the development phase provides essential
insights into the causes, patterns, and contributing factors of
road traffic incidents, serving as a foundation for safety
improvement and risk mitigation in ADSs. The structured
nature of KGs supports the integration and reasoning over
heterogeneous accident datasets, enabling experts to interpret
large-scale and complex information (D. Yu et al, 2024; L.
Zhang et al,, 2022; Yue et al., 2009). Incompleteness in accident
records, such as missing spatial attributes or causal links, can be
addressed through ontology-based frameworks that enrich
datasets with inferred relationships, as demonstrated by
ontology-driven risk mapping approaches using spatial
clustering to retrieve location-specific risk data (J. Wang and X.
Wang, 2011; C. Liu and Yang, 2022). In addition, KGs help
address inconsistencies in accident data from different sources
through unified ontological representations, such as
integrating official reports, sensor data, and social media
information (Rakhmawati et al., 2022; Barrachina et al., 2012),
and can be further enhanced with advanced KG embeddings
for high-dimensional, multi-source, heterogeneous, and spatio-
temporal datasets (X. Liu et al., 2025).

3.2 KGs for AV Safety During V&V Phase
3.2.1. Scenario-guided Ontology

The V&V phase of ADS relies on scenario-based methods to
assess the scenario criticality, enabling the identification of
high-priority scenarios and the subsequent test case generation.
By focusing on such high-criticality scenarios, it reduces the
scope and cost of testing while improving the detection of
system defects (Feng et al., 2023). Effective V&V requires
scenario-guided ontology design, in which functional
requirements are decomposed into specific scenario
components through a top-down process.

Table 3. Evolution of scenario ontology for autonomous vehicle V&V Phase.
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The key to constructing scenario ontologies is to determine the
layers from which a scenario should be comprehensively
described. Its evolution is shown in Table.3. In early research,
the definitions and boundaries of different layers were
relatively vague, but they were generally organized around
several aspects, such as static scenes, dynamic information, and
temporal interactions (Schuldt et al,, 2013; Geyer et al., 2014;
Ulbrich et al, 2015). Schuldt refined these models and
developed a four-layer scenario ontology framework,
consisting of the base road network, its adaptations, actor
control, and environmental conditions (Schuldt, 2017). In later
developments, the base road network was further
differentiated into permanent and temporary road elements
(Bagschik et al, 2018), and digital information was
incorporated with the development of V2X and HDmap
(Sauerbier et al, 2019). Scholtes et al. (2021) adapted this
framework for urban traffic, explicitly distinguishing spatial
(Layers 1-3) and temporal (Layers 4-6) components, while
ensuring ~ compatibility =~ with ~ OpenDRIVE  and
OpenSCENARIO standards. Building on this, S. Wu et al. (2021)
introduced a seventh layer representing the ego-vehicle state,
addressing algorithm failures and user misuse in SOTIF-
related research. The six- and seven-layer architectures
represent the current mainstream approach to scenario
description, and the content of each layer can be further built,
refined, and enriched through dataset-driven methods (C.
Zhang et al., 2024; Kaleeswaran et al., 2019).

3.2.2 Key Techniques

Ontology and relevant KGs provide precise scenario
descriptions for test case generation. By applying constraints
such as traffic regulations and physical limitations, ontology-
based methods can produce a large number of test scenarios
(Geyer et al, 2014; W. Chen and Kloul, 2018), while the
increasing size of the ontology can make exhaustive generation
impractical. To address this, the combinatorial testing method
can be applied by transforming concepts, attributes, and
relationships from the ontology into input models (Wotawa
and Li, 2018; Kliick et al., 2018), which effectively covers diverse
parameter combinations and interactions while retaining the
ability to satisfy the specified constraints (Y. Li et al., 2020).
These methods can directly generate edge test cases by
assigning extreme parameter values (Feilhauer, 2018), but
research on generating complex corner scenarios remains
relatively limited, especially where the combinations of non-
extreme individual parameters lead to criticality (Zipfl et al,,
2023). Recent works have introduced accident causality into
scene graphs, thereby generating scenes that are more
representative of real-world accidents (J. Zhao et al., 2025).

KG-based scenario generation typically follows a paradigm of
element composition under explicit constraints. With
standardized DSL (domain-specific language) representations

such as OpenSCENARIO, KG-generated scenarios inherently
align with simulator-executable code, e.g, importing
OpenSCENARIO  descriptions  into CARLA  via its
OpenSCENARIO interface. In contrast, the physical feasibility
of KG-generated scenarios critically depends on the constraint
design during generation, including hard physical constraints
on speed, acceleration, curvature, timing, and collision-related
conditions.

However, fewer studies directly report KGs” effectiveness in
generating unknown, corner or safety-critical scenarios. For
instance, Bogdoll et al. (2022) used an ontology to generate
corner cases and reported 27 of 94 individuals were newly
created in a new scenario, but did not further analyze the safety
impact of them. GraphSCENE (Panagiotaki et al, 2025)
reported that only 40-50% of the generated near-collision
scenarios satisfy the intended criticality requirement across
different driving agents. Instead, CRADLE (J. Zhao et al., 2025)
reported a more outcome-oriented result: training with KG-
generated scenarios reduced the model’s collision rate by 74%.

Leveraging KGs for critical scenario assessment aids in
identifying high-impact scenarios related to safety and
functional validation, particularly in extreme or high-risk
situations. These studies typically encode raw observations
with spatial and temporal relations into a KG, and then apply
GNNis to learn relational representations for classifying critical
scenarios and their subtypes. For instance, S. Y. Yu et al. (2021)
construct a KG capturing spatial interactions among traffic
participants and leverage it to predict lane-change risk,
reporting 87% accuracy on the 571-Honda naturalistic driving
dataset. Similarly, Halilaj et al. (2021) builds structural driving
data along with temporal relations such as occursAfter into KG,
and uses MRGCN to classify different types of critical or
normal scenarios, achieving an accuracy of 95%.

However, when scenario criticality is inferred solely from KG-
defined relations, these approaches often suffer from a high
false-positive rate, which similarly arises in enumeration-like
KG-driven scenario generation methods (Zipfl et al,, 2023). For
example, Westhofen et al. (2022) report that KG-based filtering
yields more than 1.74 potential conflicts per scene per
participant,  indicating ~ substantial ~ over-triggering.
Consequently, KG-based scenario generation or critical-
scenario mining is commonly paired with an additional rule-
based filtering stage to suppress spurious positives and retain
only physically plausible and safety-relevant cases. Early
research uses ontologies to identify critical scenarios from split
frames with predefined safety thresholds, such as emergency
braking deceleration or Time-to-Collision (TTC) in cut-in
scenarios (Westhofen et al, 2022, 2023). Subsequent
developments expanded this by considering dynamic
interactions and event causality analysis (Neurohr et al.,, 2021).
The ontology is enriched in temporal by formally defining
events like braking and activities like overtaking (De Gelder et
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al,, 2022). Methods like Metric Temporal Conjunctive Queries
(MTCQ) enabled reasoning over dynamic, time-dependent
scenarios, improving the critical scenario assessment
(Westhofen et al., 2024).

3.3 KGs for AV Safety During the Operational Phase
3.3.1. Sequence-guided Ontology

During the operational phase, the absence of ground-truth
labels and complete scene replays necessitates real-time scene
graph construction from perception and localization outputs.
In this process, KGs and ontologies are leveraged to integrate
prior driving experience and commonsense knowledge,
dynamically compensating for or correcting deficiencies
caused by incomplete or imperfect onboard perception and
localization. A representative example is the work by BMW
(Suryawanshi et al, 2019), who introduced a hierarchical
ontology to process map data from heterogeneous sources,
enabling semantic abstraction of map elements and spatial
reasoning (Qiu et al., 2020a,b). To ensure data reliability, they
further proposed the Map Quality Violation Ontology for
detecting and correcting errors in map data (Qiu et al,, 2021).

The aforementioned methods facilitate the real-time
construction of DKGs but inevitably degrade into SKGs at each
definite moment, lacking mechanisms to preserve
environmental context and analyze risk causality.
Spatiotemporal scene graphs address this limitation by
enabling TKG construction through the capture of key frame
information and retention of temporal dimensions via sliding
time windows. However, research on the real-time
construction of EKGs that further incorporate events and
causality remains under development. Existing studies
primarily focus on macro-level transportation applications
such as traffic management (Xiong et al., 2018; W. Luo et al.,
2020) and accident response (Muppalla et al., 2017; Y. Li and
Liu, 2022), with limited attention to fine-grained, real-time
causal analysis in driving scenarios for ADS.

3.3.2 Key Techniques

During the operational phase, KGs can enhance the scene
understanding and situation awareness of ADSs by providing
astructured representation of the road network (Hummel et al,,
2008; L. Huang et al., 2019; Kunze et al., 2018), object attributes
(Wickramarachchi et al., 2020), spatial and temporal relations
(Wickramarachchi et al., 2020; Dianov et al., 2015; Oltramari et
al., 2020), interactions (C. Li et al., 2020), and events (P. Xiao et
al, 2021; Matheus et al, 2003). Such enriched knowledge
enables ADSs to perceive their operational situation more
comprehensively and to reason about potential future
hazardous states, such as chained braking events (Armand et
al,, 2014) or potential conflicts (Buechel et al,, 2017), thereby
supporting proactive risk mitigation, safer decision-making
and spatial-temporal resilience (Dui et al., 2025).

By incorporating risk representations and safe-driving
knowledge into general ontologies and TKGs, KGs can support
onboard risk identification during the operational phase. Early
studies relied on predefined risk patterns to identify risks,
mapping each pattern to corresponding risk levels (W. Fang et
al, 2020; B. Zhong et al, 2020). Representative examples
include the analysis of pedestrian rule violations (Mohammad
etal, 2015) and the development of over 200 risk rules by Wolf
et al. (2019) for complex risk assessment. With risk patterns
formalized like SWRL, ontologies can further support
abductive reasoning for risk inference (Inoue et al., 2015), while
typical safety metrics such as TTC can be integrated in this
procedure to more accurately prioritize imminent threats
(Takahashi et al., 2016). However, manually designed risk
patterns are inherently difficult to generalize and enumerate in
complex, open-ended driving scenarios. To overcome these
limitations, data-driven and embedding-based approaches
have been introduced, leveraging scene graphs and KGE
models to identify risk nodes and infer potential hazard
patterns, demonstrating strong potential for handling endless
long-tail scenarios (S. Y. Yu etal., 2021; Malawade et al., 2022; C.
Li et al,, 2023; Suman et al., 2023).

Table 4. Representative industrial applications of ontologies and KGs for autonomous vehicle safety. Items without specified
scales are not publicly available.
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Despite recent progress, operational KG-based AV safety
research still largely centers on SKGs and DKGs, while
onboard TKG-based safety reasoning remains scarce. A
practical workflow starts with online TKG construction that
aligns objects and relations across frames via tracking and
association pipelines to form temporally linked scene graphs. It
then performs temporal-aware reasoning on the constructed
TKG, for example by applying temporal GNNs for feature
learning and risk inference. A representative work is
nuScenesKG (Mlodzian et al., 2023) which introduces temporal
scene connectivity and releases a trajectory prediction dataset,
supporting further TKG-based trajectory prediction model
training (Z. Sun etal., 2024; Z. Wang et al., 2024). Extending this
construction to reasoning pipeline to operational safety tasks
such as risk recognition and scene understanding is promising
because these tasks depend on temporal consistency and
interaction evolution to detect early risk cues and prevent
hazardous behaviors.

EKG studies remain scarcer in AV domain, whereas related
efforts in traffic management and unmanned robotics provide
a practical paradigm. In general, an EKG reasoning workflow
can be organized into three stages: offline definition of an event
ontology, online event recognition, and online reasoning over
the EKG. For event ontology construction, a feasible way is to
explicitly link unintended behaviors to hazard events, for
example, associating abnormal deceleration or abrupt lane
changes with blind-spot related risks, thereby enabling
structured mapping from observable behaviors to safety-
relevant hazards (T. Zhang et al, 2026). Online event
recognition often relies on predefined rules, including simple
kinematic thresholds or richer constraints in MTL or SWRL
format (Urbieta et al,, 2023). Reasoning over complex EKGs
usually relies on probabilistic or neural models, such as using
Bayesian networks to infer the impact of uncertain events on
unmanned robot task (H. Yao et al,, 2022), or heterogeneous
graph transformers to predict subsequent events after an initial
incident in traffic management (Y. Li and Liu, 2022).

3.4 Industrial Progress of KGs for AV Safety

Beyond academic advances, industrial efforts have also
substantially shaped KG-based safety engineering, as KGs
naturally support traceability, auditability, and controlled
updates required by practical safety processes. A summary of
representative industrial applications is shown in Table 4.

Industrial adoption of KGs is more evidently driven by the
safety development lifecycle. In the development phase, KGs
are used to organize safety knowledge and support structured
hazard analysis, e.g., Geely extracts multiple ontologies from
technical manuals to facilitate hazard analysis and export safety
requirements (X. Liu et al,, 2021). In the V&V phase, ontologies
are commonly employed to formalize scenario elements and
enable combinatorial construction of complex test cases, as

exemplified by AVL’s industrial-grade AEB testing where an
AEB function ontology organizes 5233 parameters for efficient
combination testing and generation of critical cases (Kliick etal,,
2018; Y. Li et al., 2020). In the operational stage, ontologies built
upon traffic regulations and driving experience are frequently
used for rule-based compliance and right-of-way checking,
However, constructing reliable, real-time scene topology
remains challenging, and BMW addresses this by dynamically
extracting spatiotemporal map fragments from layered maps
and further introducing map quality violation ontologies to
support consistent updates (Suryawanshi et al., 2019; Qiu et al,,
2020b,a, 2021).

In practice, industry often treats KGs as a governed backbone
that links regulations, requirements, hazard analyses, and test
evidence to enable E2E traceability, while supporting scenario
engineering tasks such as compositional synthesis, coverage
analysis, and risk-oriented filtering. Current trends emphasize
lifecycle-aware governance and interoperability —across
scenario domain-specific languages, simulators, and safety
toolchains. Hybrid workflows are also emerging, where KGs
provide auditable structure and LLMs serve as an auxiliary
layer for retrieval and human-facing interaction, with retrieval
grounding and verification used to preserve safety-critical
reliability.

4 LLMs for Autonomous Vehicle Safety

Unlike KGs, LLMs provide powerful capabilities for
processing unstructured data, capturing implicit knowledge,
and enabling flexible reasoning across diverse modalities,
making them effective in addressing long-tail scenarios and
complex interactions. Large-scale pre-trained MLLMs already
demonstrate strong general reasoning and perception abilities,
with encouraging results on certain AV safety tasks. However,
in this specialized domain, fine-tuned models are generally
more reliable, as task-specific datasets provide essential
supervision to align LLMs with driving semantics, safety rules,
and domain knowledge. In addition, effective task
decomposition and tailored prompt design further enhance
performance by simplifying individual queries and facilitating
the use of domain-specific information. Yet, the task
decomposition, the logic design of prompts for each subtask,
and the formulation of inputs at the word or sentence level
remain highly task-specific, lacking a unified design
framework. Accordingly, this section reviews the application of
LLMs for AV safety across the development, V&V, and
operational phases, as in Fig. 5. LLM-based research directions
for AV safety are summarized in Table.5, which organizes
representative tasks across safety lifecycle, and reports for each
task a set of representative works together with the underlying
data modalities, typical evaluation settings, and the major
practical limitations and challenges observed in current studies.

Table 5. Summary table of LLM/MLLM-supported safety tasks across the lifecycle.



12

Representative

Main Challenges /

Phase  Task \évﬁrks — Data n:t;dalit()j/d (E:valuatizn Setlting Limitations
eng etal. ;  textual hazard documents, ase study, rule

E)f\rﬁzngtjilgn Npurlget al. (2024a);  human feedback, textual ~ satisfaction, QA Qﬁa\i/%/e\évrci)r:kﬂow

Dev Qi et al. (2025) rult?b_ooksd | accid accuracy g g

" accident Jaradat et al, (2024); ~ Multi-modal accident Accident factor complex accident

analysis Y. Luetal. (5024) gﬁtl?ﬁgt(s:bg?:rt]f[uctured accuracy, case study causal analysis
critical Y. Yang et al. heterogeneous driving higher Tatency,
scenario X 88%2; ami et al. data, semanttlc expert Assessment accuracy hadIUC|nat$d
assessmen requirements judgements
DSL-based J. Zhang et al.. semantic descriptions and  scenario accuracy, constraint satisfaction

v&\y  testscenario 520243; .Caietal. requirements, DSL format  scenario feasibility, to expert requirements
generation 2026 constraint ADS performance and format
visual test % %%ggte?gl(ZOM). expert-language prompts, ng:éfgl f_ears(;lrar:h%y ’ physical and expert
scenario (20252): ¥ Zhou et initial images or action- aliénme?{t oD constraint satisfaction,
generatlon gﬁ fzo é? — trajectory specifications consistency unrlez:\I wdeost, high cost
gg?engg% Sil’?hlaqE? a?. ( 024))’ visual inputs, trajectories  Detection accuracy g%%r_)t:argﬁi(t:\?siﬁ (?r?g;-tail
hazard obg'ect 8.0%\2% etZaH. . i<ual inout Detecti real-time cost',[_ |
A it gy ; H. Zhang e visual inputs etection accuracy imprecise spatial
identification  27"534) modal I . > localization
) multi-maodal perceptua safety-related tas i

Ope.  yigk Vgozzshqn eeg a!ét al inputs, kinematic ~__ accuracy, safety-related ;?:%Inztalr%eucr?ggrgt%lrwn iI:X
recognition 520253' 9 : information, task-specific  driving metrics, closed- di 9

p_romi)gs, etc. _ loop metrics paradigm

Adversarial  Song et al. (2024); visual Inputs, perception  agack detection L
attack defense  Aldéen et af. (2034) ?nuftc?r%%ti én?r\nlgt)l(cdata accuracy real-time cost

road trafficlaws and driver manuals provide behavioral norms
for real-world driving. In addition to raw legal texts, curated
QA datasets such as TrafficSafety2K (Zheng et al., 2023) offer
structured supervision that helps align LLMs with compliance
reasoning, supporting functional definition and violation
scenario modeling during the development phase. Besides,
technical documents generated during the system
development process can constitute another key data source
for understanding the structure and functionality of specific
ADS, while such materials are often for internal use and rarely

4.1 LLMs for AV Safety During Development Phase
4.1.1. Datasets

Regulatory and standard documents inject authoritative
institutional knowledge into LLMs. Standards such as the
United Nations Economic Commission for Europe (2021)
Regulations R157, ISO 26262, ISO 21448, and ISO 34502 define
structured requirements for AV safety and verification, serving
as key corpora for fine-tuning LLMs in safety engineering and
supporting hazard analysis tasks such as STPA. Meanwhile,
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Fig. 5. Research on LLMs for AV Safety structured by the applications

system errors, thereby offering semantic support for further
failure mode analysis and module development. For example,
the Crash Report Sampling System (CRSS) (National Highway

Textual accident databases and reports provide LLMs with
accident instances and contextual information, enabling
models to learn accident structures and identify human or
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Traffic Safety Administration (NHTSA), 2024a) and the Fatality
Analysis Reporting System (FARS) (NHTSA, 2024b) cover
accidents of varying severity with detailed contextual
descriptions, as well as CARE (a Community Road Accident
Database) (European Commission, 2024), GIDAS (German
InDepth Accident Study) (German in-depth accident study
cooperation, 2024), etc. Besides, social media accident records
include a large amount of information absent from
conventional reports. While their multimodal and semantically
rich characteristics pose challenges for traditional methods,
they are particularly suitable for MLLMs (Z. Liu et al., 2023;
Jaradat et al., 2024).

4.1.2 Key Techniques

Integrating LLMs into the development phase helps reduce the
labor-intensive expert effort typically required for complex
hazard analysis, especially under the current rapid iteration of
onboard hardware and software. Early research applied LLMs
to automate and manage HARA procedures such as STPA
within existing analysis frameworks, aiming to substitute
specific expert-driven steps with LLMs through well-designed
prompts for improved efficiency (Raeisdanaei et al, 2025;
Nouri et al., 2024b; Diemert and Weber, 2023). Later studies
enhanced applicability by decomposing tasks into modular
subtasks, designing subtask-specific prompts, and
transforming system models to improve compatibility with
LLM reasoning, thereby constructing structured and LLM-
adapted workflows for tasks such as safety requirements
specification (Nouri et al, 2024a; Geissler et al, 2024). To
improve the reliability and practicality, subsequent studies
explored various expert-LLM collaboration strategies,
including injecting prior knowledge, assessment proposals,
and illustrative examples before inference (Hillen et al., 2024;
Odu et al.), conducting human review and refinement of LLM
outputs (Sivakumar et al, 2024), and incorporating feedback
through recurring duplex collaboration loops (Qi et al., 2025).

In the development phase, MLLMs can assist experts in
analyzing historical accidents by extracting key features such as
fatality, severity, and crash type, thereby supporting system
hazard analysis (Mumtarin et al, 2023). The diversity of
accident data sources, including textual reports, images, and
online content, can be effectively handled through MLLMs,
enabling the integration and summarization of critical accident
characteristics for system improvement (Jaradat et al., 2024; K.
Wu et al,, 2024; R. Zhang et al,, 2025). To enhance analytical
performance, some researchers have proposed unified data
structures that standardize multimodal accident descriptions,
allowing consistent reasoning about causes and prediction of
detailed outcomes such as accident type, severity level, and
injury count (Kung et al., 2024; Fan et al., 2024). A representative
effort is DIAVIO (Y. Lu et al, 2024), which introduces a
domain-specific language (Crash DSL) to describe crash events
using five components: Road, Environment, Obstacles,
Vehides, and Diagnosis.

4.2 LLMs for AV Safety During V&V Phase
4.2.1. Datasets
During the V&V phase of ADS, LLMs have been widely

adopted to generate critical scenarios according to experts’
requirements and constraints, as well as to construct these test

scenarios with simulators or as videos. Existing V&V efforts
typically leverage pre-trained LLMs or only fine-tune them
with a limited amount of custom-built data, relying primarily
on prompt design and sub-task decomposition to activate the
LLMs’ inherent capabilities in scene understanding and task
execution.

In general, the datasets used for fine-tuning MLLMs during the
V&V stage can be grouped into several categories. The first
consists of standards and traffic regulations (ISO, 2018, 2022a,
2022b), which can guide MLLMs in producing standardized
test scenarios, as well as evaluating risks of a scene, e.g,
breaking the traffic rule. The second category includes
conventional driving datasets, such as HighD, SIND and
NuScenes (Qian et al., 2024; Y. Xu et al., 2022; Krajewski et al.,
2018), which provide multi-view and multi-sensor information
for training scenario generation models, thereby improving the
realism of generated scenes. Finally, risk scenario datasets
(Pham et al.,, 2020; Bao et al., 2020; Y. Yao et al., 2022) can
enhance the quality of risk-oriented scene generation and also
serve as a base for retrieving risk data that meet specific
requirements, as well as accident reports (NHTSA, 2024a,b).

4.2.2. Key Techniques

On the critical scenario assessment task, LLMs can facilitate
discovering safety-critical cases from large-scale driving data,
which can be directly used for testing or serve as anchors for
subsequent scenario generalization. Compared with rule- or
ontology-based approaches that are deterministic and
computationally efficient yet inherently bounded by pre-
defined metrics, events, and relation templates, MLLMs offer a
more flexible interface for long-tail risk discovery and
assessment. By directly processing heterogeneous inputs such
as replay videos and structured scenario descriptions, MLLMs
can evaluate risk in a more holistic and context-aware manner,
rather than being restricted to handcrafted indicators (e.g., TTC,
acceleration, or simple behavior thresholds), predefined
scenario layers, or ontology-specified event or causal chains (Y.
Yang etal,, 2024; Lu et al., 2024a; Tami et al., 2024). This broader
understanding further enables MLLMs to identify key actors,
interaction dynamics, and contextual factors, and to identify
more realistic and comprehensive risk logic chains, thereby
supporting targeted scenario generalization and uncovering
long-tail hazards beyond pre-enumerated expert patterns in
rule- or ontology-based approaches. (Tami et al., 2024; H. Tian
etal, 2024).

In addition, MLLMs can translate hard-to-quantify expert
requirements into explicit, customizable evaluation criteria,
such as normalizing “smoothness” into reasonable acceleration
bounds for scenario selection (S. Yao et al., 2025). Nevertheless,
simple MLLM-based critical scenario assessment may
introduce higher latency and hallucinated judgments. Thus,
rule- or ontology-based checks are usually employed as
lightweight initial filters and constraints to prune candidates
and support downstream MLLM critical scenario assessment
(Y. Gaoetal, 2025; H. Tian et al., 2024).

Besides, LLMs can generate test scenarios directly based on
expert descriptions or testing requirements. Early studies often
produced textual scene descriptions in a DSL format. In
addition to widely adopted standards such as
OpenSCENARIO (X. Cai et al., 2026), some research proposed
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task-specific DSLs that remove task-irrelevant layers and
define the details of retained layers to improve efficiency (H.
Tian et al., 2024; Fernandez et al., 2025). These DSL-formatted
outputs can be directly parsed by simulators such as CARLA
or SUMO, enabling automated construction of executable
scenarios from LLM-generated descriptions (Petrovic et al,,
2024; W. Xu et al., 2024; S. Li et al.,, 2024). More recently, with
the advancement of video generation models and world model
(Y. Wang et al, 2024a), several approaches utilize expert
commands, trajectory-level inputs, or edits to real-world image
sequences to generate multi-view images for validation with
high reality (G. Zhao et al., 2025b; Y. Wei et al., 2024).

Compared with conventional test generation methods, LLM-
based methods present better potential for exploring unknown
corner cases and exposing latent failure modes of the ADS. In
ChatScene (J. Zhang et al., 2024), the authors synthesize safety-
critical scenarios for evaluating RL driving policies and report
that their generated tests lead to a 15% higher collision rate than
knowledge- and adversary-based baselines, ~ while
TrafficComposer (Tu et al, 2025) reports 33%—124%
improvements in bug-finding. Training or fine-tuning the
policy with these newly discovered scenarios can further
improve robustness, where ChatScene reported a collision rate
drop by 9% (J. Zhang et al., 2024). Beyond testing, the diversity
of LLM-generated scenarios is also helpful for downstream
perception module training (G. Zhao et al.,, 2025b). However,
LLMs' instability and hallucinations can produce invalid or
non-executable scenarios, especially when generating DSLs or
simulator code. Text2Scenario reports an executable success
rate of 87.31% when generating OpenSCENARIO-format DSL
(with GPT4) (X. Cai et al., 2026), whereas H. Yang et al. (2025)
report only around 50% running success rate when directly
generating MATLAB and Simulink code. Finally, even when
executable, LLM-generated scenarios may be semantically
inconsistent with the prompt intent. For example,
TrafficComposer reports 97.0% accuracy on its scenario
construction evaluation, implying about 3% inaccurate
scenarios (Tu et al., 2025).

In addition, for test-scenario video generation models
conditioned on expert-language prompts, initial images or
action-trajectory specifications, whether the synthesized video
satisfies physical feasibility directly determines the validity of
downstream testing. In general, physical feasibility can be
assess along the following aspects: whether the generated
trajectory is plausible with kinematic limits and reasonable
with common patterns, whether the video evolution aligns
with the provided action or trajectory condition, and whether
foreground agents and background structure remain coherent
across frames and across diverse scenes. For kinematic
constraints, existing studies often integrate explicit kinematic
models into the generation pipeline so that the model jointly
accounts for motion states such as velocity, acceleration, and
steering (Hanselmann et al., 2022; J. Kim et al, 2022). Some
works additionally introduce motion-related loss signals to
improve kinematic plausibility (S. Gao et al., 2024). Beyond
kinematic constraints, motion signals can further be encoded in
the 4D spatiotemporal space by constructing 4D occupancy
grids or more general trajectory-injected latent representations
as intermediate features to guide video generation (Z. Yang et
al., 2025; J. Zhu et al., 2026). These features can act as bases to
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instruct the video generation, therefore enhancing trajectory-
video consistency. Moreover, generating multi-frame and
multi-view visuals from a shared 4D feature evolution helps
strengthen cross-frame and cross-view consistency in safety-
critical testing scenarios (G. Zhao et al, 2025a). To better
evaluate the physical feasibility, DrivingGen (Y. Zhou et al.,
2026) introduces a comprehensive benchmark for driving
video generation evaluation. It proposes Trajectory Quality
(TQ) to quantify motion plausibility under vehicle dynamics
via signals such as jerk, lateral acceleration, and yaw rate. It
further proposes ADE (Average Displacement Error) and
DTW (Dynamic Time Warping) as complementary trajectory-
alignment metrics, capturing the agreement with and without
temporal alignment, respectively. DrivingGen also evaluates
temporal consistency and agent-level consistency by checking
their existence and features across frames. Together with data-
distributional and visual quality indicators, it forms a
comprehensive benchmark for assessing driving video
generators under testing-oriented conditions. Related efforts
such as DriveDreamer4D (G. Zhao et al., 2025a) provides multi-
view consistency measures like Novel Trajectory Agent IoU
(NTA-IoU) and Novel Trajectory Lane IoU (NTL-IoU), to
quantify whether generated foreground objects and roadway
semantics remain physically and geometrically consistent.
Importantly, these metrics are most meaningful for within-
benchmark, same-dataset comparisons. For example, under
DrivingGen’s reported results, Vista (S. Gao et al, 2024)
achieves markedly stronger trajectory alignment (lower
ADE/DTW), whereas VaViM (Bartoccioni et al, 2025) is
reported to be more competitive on spatiotemporal coherence.

Given the complexity of test scenarios and the large number of
involved elements, decomposing scenario generation into sub-
tasks or applying chain-of-thought prompting, rather than
generating the entire scene in one step, contributes to
improving the quality of the overall V&V process. Although
layered scenario representations naturally define sub-tasks as
in Sec.3.2.1, such fine-grained decompositions are often overly
detailed for practical applications. In most cases, road structure
and traffic participants constitute the fundamental elements of
test scenarios, while some studies further incorporate
additional layers such as road infrastructure, behavior
hierarchies, or temporal information (Q. Lu etal,, 2024; ]. Zhang
etal, 2024; Chang et al., 2024)

4.3 LLMs for AV Safety During Operational Phase
4.3.1. Datasets

At the object level, a major subset of traditional risk-centric
datasets targets open-world object detection, capturing
numerous objects that are hard for conventional perception yet
pose safety threats (Pinggera et al., 2016; K. Li et al.,, 2022; Lis et
al, 2019; S. Shao et al., 2018). However, these datasets typically
contain only bounding box and category label annotations,
offering limited semantic information. With the development
of LLMs, a growing number of language-based object-level risk
understanding datasets are emerging. These datasets often
construct natural language understanding frameworks for
hazardous objects containing basic attributes, spatiotemporal
information, and semantic relations, e.g.,, DRAMA, Rank2Tell,
CODA-LM (Malla et al., 2023; Sachdeva et al., 2024; K. Chen et
al, 2025). Some datasets further provide QA pair formats,
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allowing direct use in supervised fine-tuning, e.g., HazardQA
(Tami et al., 2025a). By learning from such datasets, LLMs can
identify risk-relevant targets during operation, understanding
the risk events with the targets, and supporting ADS in risk
avoidance.

Beyond object-level risk cognition, scene-level risk assessment
commonly relies on accident datasets. Traditional datasets
record accidents through video segments with annotations
focused on coarse visual labels, such as bounding boxes, object
classifications, collision frame markers, and collision types, as
in A3D (Pham et al., 2020). Some datasets, like DADA-2000 (J.
Fang et al,, 2021), CCD (Bao et al., 2020), and DoTA (Y. Yao et

al, 2022), incorporate natural language descriptions of accident
causes, but these are typically limited to a small set of
predefined templates, lacking sufficient semantic information.
With the advancement of MLLMs, natural language
descriptions in datasets have become more comprehensive,
capturing complex causal structures and fine-grained details.
Organized in sub-task or QA formats, datasets such as MM-
AU (J. Fangetal, 2024), SUTD-TrafficQA (L. Xu etal,, 2021) and
RoadSocial (Parikh et al.,, 2025) provide essential resources for
MLLMs to perform road risk event understanding, causal
reasoning, and risk anticipation. A summary of these datasets
is shown in Table.6.

Table 6. Risk datasets used for LLM training in AV safety. CCTV: Closed-Circuit Television, referring to Fixed Roadside Monitor.
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4.3.2 Key Techniques

During the operational phase, anomaly detection aims to
identify unusual traffic participants or behaviors, thereby
supporting risk awareness and safety decision-making. While
traditional anomaly detection methods focus on small or out-
of-distribution objects, LLM-enhanced approaches enable the
recognition of complex interactions and abnormal behaviors.
The basic idea is to design prompts that instruct LLMs to
directly process video or image inputs and detect anomalies,
such as unexpected vehicle maneuvers or abnormal traffic
infrastructure (Cao et al., 2023; Shafiq et al., 2024; Elhafsi et al,,
2023). Beyond visual data, LLMs can also incorporate
additional modalities like trajectories to improve detection
accuracy (Sinha et al, 2024). Detected anomalies can be
encoded into structured representations for downstream safety
decisions and emergency responses (H. Wang et al,, 2024). As
these methods leverage LLMs’ internal understanding of

normal patterns, they suffer from poor adaptability, long-tail
distribution, and limited reasoning capacity. Recent research
adopts a two-stage approach in which the induction stage
learns normals from few-shot normal samples, and the
deduction stage applies these patterns to identify long-tail
anomalies (Y. Yang et al., 2025).

The broad world knowledge of MLLMs makes them
particularly effective in identifying long-tail hazard objects
which are often missed by traditional perception modules.
Empirically, both close-world detectors and earlier open-world
detectors that rely on latent-space clustering can struggle on
corner-case object benchmarks. Taking CODA (K. Li et al,, 2022)
as an example, RetinaNet (T. Y. Lin etal., 2017) reports only 10.8%
average recall (AR), and ORE (Joseph et al., 2021) achieves 8.3%
AR on CODA corner-object detection, which is one
representative open-world method at the time. In contrast,
VLM-based approaches are not restricted to a fixed label
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vocabulary and can leverage open-world semantics to better
recognize rare hazardous objects, such as LLaVA-Grounding
(H. Zhang et al, 2024) improving AR to 18.4%. Moreover,
purely VLM-based grounding often suffers from imprecise
spatial localization. To address this limitation, recent work has
explored hybrid designs that couple VLM knowledge with
stronger localization backbones. For example, MR-
GroundingDINO (G. Wang et al., 2024) distills open-world
knowledge from an MLLM into a detector and reports 56.1%
AR on CODA, while Z. Lin et al. (2024) integrate a VLM with
SAM by using VLM attention as prompts for SAM-based
segmentation and localization, boosting CODA performance
t040.1% AR.

For the risk cognition task, the multimodal reasoning ability of
LLMs enables direct processing of perception information to
recognize basic risk patterns (Luu et al., 2024; Y. Wang et al,,
2023). Traditional risk modeling techniques, such as risk fields,
can be incorporated into the LLM’s input to enhance its
contextual understanding of safety-critical situations (Z. Zhou
et al,, 2026). Memory modules are also commonly introduced,
allowing the LLM to retrieve and reason with similar events by
leveraging stored collision or hazard data (Y. Wang et al., 2023;
Z.Zhou et al., 2026; W. Zhong et al., 2025). Fine-tuning on task-
specific datasets further enhances the ability of MLLMs to
identify particular risk types, such as driver distraction or
category-level inconsistencies in perception (K. Zhang et al.,
2024; H. Pan et al., 2024). In addition, fine-tuning on general
accident datasets enables LLMs to capture a broader pattern of
risks at both the object and scene levels (Charoenpitaks et al.,
2024).

During risk assessment, structured risk descriptions assist
LLMs in understanding risk information, clarifying reasoning
steps, and constraining output, functioning similarly to CoT.
The description of risk is typically developed from six aspects
or a subset thereof, including the risk time (when), risk objects
(what), their attributes (which), their location (where), risk
analysis (why), and avoidance strategies (how). For example,
Tami et al. (2024) used a “what-which-where" structure to
formalize risks, while H. Liao et al. (2024) involved when, what,
and where, and the 5W framework proposed in Malla et al.
(2023) lacks temporal information due to its use of staticimages.

To quantitatively evaluate VLM-based models for risk
recognition in AV, researchers have developed a broad range
of benchmarks. In open-loop evaluation, CODALM (K. Chen
et al, 2025b) decomposes the tasks into general perception,
regional perception, and driving suggestion in corner cases,
and measures model outputs along multiple reliability-related
dimensions, including accuracy, hallucination penalty,
consistency, and rationality. The results indicate that fine-tuned
VLMs can achieve strong performance in corner-case scenarios.
DSBench (Meng et al., 2025) covers diverse in-cabin and out-of-
cabin risk scenarios and adopts a GPT-4o-based score for
assessment, whose results suggest that current VLMs remain
insufficient in understanding driver behaviors and recognizing
risks related to dynamic obstacles. SafeDriveQA (Yamazaki et
al, 2025) treats traffic-signal and rule understanding as core test
items, reporting that VLMSs exhibit a violation probability
above 60% under yellow-light conditions and over 30% of
violations in car-following distance, which highlights clear
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limitations in compliant driving. For future-risk anticipation,
RiskCueBench (S. Luo et al,, 2026) formulates “whether a risk
will occur” and “when it will occur” as measurable tasks, using
metrics such as risk detection F1, reporting that popular VLMs
achieve a baseline F1 of roughly 0.6-0.7 for risk anticipation.

Beyond task accuracy, some open-loop studies specifically
examine the safety-related reliability and robustness of VLMs.
DriveBench (S. Xie et al, 2025) investigates reliability and
consistency of model outputs with visual evidence, showing
that some VLMs overly rely on textual prompts and neglect
visual inputs, leading to unreliable conclusions.
RoboDriveBench (D. Liao et al., 2025) evaluates robustness to
sensor corruption and prompt corruption, and uses metrics
such as collision rate and L2 error under corrupted conditions
to demonstrate that current VLMs can be highly sensitive to
such perturbations For instance, under dark-condition sensor
corruption, DriveVLM (X. Tian et al., 2024) can reach a collision
rate of 0.5. While open-loop metrics may not directly translate
to safety outcomes in interactive driving, closed-loop
evaluations typically focus on task-level indicators such as
route success rate (SR) and driving score (DS), where safety and
compliance are usually the key components of these aggregate
scores. Bench2Drive (Jia et al., 2024) adopts a pseudo closed-
loop mechanism to better approximate closed-loop evaluation
and reports DS and SR. For example, SimLingo (Renz et al,
2025), as a VLM-based model, improves DS from 64.22 to 85.07
and SR from 33.08% to 67.27% compared to representative E2E
driving models. In CARLA Leaderboard 2.0 (CARLA Team,
2025), the official metrics include DS, Route Completion (RC),
and Infraction Score (IS), where violations and collisions are
reflected via IS and DS. On this benchmark, SimLingo achieves
slightly higher DS and SR than the E2E baseline.

Compared to such simulation-based benchmarks, NuPlan
(Caesar et al., 2021) provides a planning benchmark built upon
real logs and maps closer to real-world driving, including
safety metrics like collision-related measures, off-road, traffic-
rule violations, and TTC. On nuPlan Close-Hard20, under the
nonreactive setting, VLMPlanner (Z. Tang et al, 2025)
improves TTC from 78.26 to 81.27 compared to the original
baseline. Under the more challenging reactive setting,
VLMPlanner improves the collision-related score by about 4
points over an advancing game-theory-based planner. In real-
vehicle deployments, the safety impact of LLM is commonly
quantified with metrics such as takeover rate, TTC, and
aggregate driving scores (Cui et al., 2023, 2024a). However, the
set of safety-specific and cross-system comparable metrics
reports remains limited, while most of them predominantly
emphasize human-in-the-loop instruction understanding or
time latency rather than safety outcome.

In addition to the inherent risk within the scene, LLMs can also
defend against external threats such as perception and V2X
attacks. Traditional perception modules are vulnerable to
adversarial attacks, including the injection of noise through
invisible light (Kohler et al,, 2021) or electromagnetic waves
(Kohler et al., 2022), as well as adversarial patches or projected
noise on traffic signs (Lovisotto et al,, 2021), while LLM shows
greater robustness. Thus, LLMs are used to verify the
consistency between visual inputs and perception outputs, or
identify decision misalignments, thereby mitigating potential
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attack patterns (Song et al, 2024). A representative form of
attack is Natural Denoising Diffusion (NDD) attacks, where
attackers use diffusion models to create information that is
harmless to humans but easily misclassified by ADS, for
example, placing a sticker on the rear of a vehicle that causes
the perception system to falsely detect a stop sign. MLLMs
have shown stronger robustness to these attacks and can
provide reliability judgements by verifying image-perception
consistency or assessing the plausibility of motion data
provided by V2X (Hu et al.,, 2025b; Aldeen et al., 2024).

5 Pros and Cons of KGs and LLMs for
Autonomous Vehicle Safety

Having explored the wide contribution of KGs and MLLMs,
this section will discuss their respective strengths and
limitations in enhancing AV safety. KGs provide structured,
reliable, and scalable knowledge representation, whereas
LLMs demonstrate superior capabilities in complex reasoning,
semantic understanding, and adaptive decision-making. A
comparative figure is illustrated in Fig. 6, highlights their
complementary roles in improving AV safety.

5.1 Knowledge Database
5.1.1. Knowledge Representation

KGs store knowledge explicitly by triples, offering a stable,
adaptable, and precise foundation for well-defined and

Knowledge Graphs

Knowledge Database

exhaustive databases such as road traffic rules and road
elements, while also enabling the modeling of more complex
spatio-temporal relations and causal chains. Their explicit
storage of knowledge provides advantages of structure,
traceability, and efficdent querying. However, the fixed
structural form constrains their capacity to represent
knowledge involving multiple entities and inevitably leads to
omissions of relations or entities. In contrast, LLMs encode
knowledge implicitly through large-scale parameter training,
allowing them to cover a broader semantic space and capture
highly complex relational patterns. But this implicit
representation makes it difficult to precisely locate knowledge
sources or guarantee the accuracy of specific rules.

5.1.2. Knowledge Update and Maintenance

The explicit and structural representation of KGs supports
incremental updates and modifications, enabling new traffic
rules, scenario elements, or risk knowledge to be incorporated
manually at low cost and with high efficiency. In contrast,
updating and maintaining LLMs requires retraining or fine-
tuning on new datasets, which makes it difficult and costly to
keep pace with the rapid iteration of software and hardware, or
follow external knowledge changes such as traffic law
modifications. Consequently, KGs are better suited for quickly
adapting to dynamic knowledge changes, whereas LLMs are
more effective in stable contexts involving large-scale
knowledge.
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Fig. 6. The comparison of KGs and LLMs in autonomous vehicle safety.

5.2. Reasoning Ability
5.2.1. Reasoning Performance

KGs leverage explicitly defined domain knowledge to deliver
accurate and reliable reasoning when the target knowledge can
be well captured by entities, relations, and constraints.
Consequently, they are particularly effective for tasks with
scoped and well-modelled knowledge, such as ASAM
OpenSCENARIO-style ontology-grounded scenario
representations in V&V toolchains, Waymo's road-graph
based map semantics (P. Sun et al., 2020), and Bosch’s road-sign
KG for traffic element semantics (Monka et al., 2021).

However, in complex scenarios, numerous interfering factors

affect the matching, applicability, and validity of predefined
knowledge. Meanwhile, the limited semantic reasoning
capability of KGs further constrains their effectiveness in
handling cases characterized by long reasoning chains,
probabilistic uncertainty, and ambiguity. In contrast, the
statistical nature of MLLMs enables reasoning under
ambiguity and uncertainty by exploiting patterns learned from
diverse data, supporting multi-hypothesis interpretation,
fuzzy reasoning and proactive responses in evolving scenarios.
Accordingly, LLMs are often positioned as holistic driving
agents that go beyond isolated safety subtasks, for example
NVIDIA’s  Alpamayo-R1 (Y. Wang et al, 2025), which
integrates explicit reasoning for safer decision making in long
tail and rare scenarios.
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5.2.2. Multi-modal Reasoning

Usually, KGs cannot directly process multimodal inputs and
typically rely on existing perception modules, which may
introduce information loss and grounding errors. In contrast,
MLLMs can directly interpret and reason over multimodal
sensory inputs, bridging the gap between high-level reasoning
and real-world sensor observations, which reduces reliance on
complex encoding processes and minimizes information loss
while preserving high-level semantics for reasoning. This
direction has already emerged in industrial AV stacks that
integrate multimodal understanding with action prediction,
such as Wayve’s LINGO-2 closed-loop vision language action
driving model tested on public roads (Wayve, 2024), and
NVIDIA’s Alpamayo-R1 of reasoning-based vision language
action models that couple multimodal interpretation with
driving decisions and evaluation toolchains (Y. Wang et al,,
2025).

5.3. Human-Al Collaboration
5.3.1. Transparency, Interpretability and Traceability

KGs offer inherent transparency and interpretability because
domain knowledge is explicitly represented and the reasoning
process can be auditably traced. This property is well aligned
with safety engineering tasks such as safety and compliance
checking, since the outputs are usually predictable, stable, and
controllable when a rule reasoner (e.g., Pellet (Sirin et al., 2007))
is used and the task knowledge is well covered. Such
traceability also supports accident analysis and improvement,
as engineers can locate which knowledge gaps or rule conflicts
cause failures and update them in a controlled manner.
Moreover, auditable traces enable safety governance and
accountability practices, which can improve social trust in AV
safety as well.

In contrast, MLLMs often lack stable, verifiable provenance for
their outputs, and their generation process is difficult to trace.
This hinders systematic management and optimization of
failure causes in complex driving scenarios and makes it hard
to completely ensure rule-consistent validity even in routine
scenarios. MLLMSs’ limited interpretability typically relies on
self-generated explanations (e.g., CoT), but such explanations
can be unfaithful and mismatch the true generation process of
the models” generation. This mismatch may miscalibrate user
trust and model capability boundaries, leading to possible risks
in safety-critical deployment (Cui et al,, 2024a).

5.3.2. Reliability and Hallucination

KGs perform inference over explicitly defined entities, relations,
and rules, and thus tend to produce stable and consistent
outputs under identical or similar inputs. With predefined
knowledge constraints, KG reasoning effectively bounds the
output space, reducing hallucination errors and enforcing
adherence to specified rules, especially when using rule
reasoners such as Pellet within adequate knowledge coverage
(Sirin et al, 2007), which supports reliability in covered
scenarios.

In contrastt MLLMs can be sensitive to minor input
perturbations and are therefore more exposed to adversarial
attacks (Bhagwatkar et al., 2024). Moreover, data-driven LLMs
may learn spurious correlations or biases and exhibit a
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heightened risk of hallucination, particularly under out-of-
distribution conditions not covered in training data. In hazard
analysis, such hallucinations can yield incorrect failure-mode
hypotheses or omit critical ones, undermining the
completeness and validity of the assessment (Dokas, 2026).
Similarly, in LLMdriven test scenario generation, hallucinated
constraints or biased patterns can produce invalid scenarios or
over-emphasize low-frequency cases, misaligning safeguards
with corerisks (J. Zhou et al., 2025). When deployed in complex
operational safety-critical situations, these hallucination
failures may propagate into unsafe responses of the ADS,
posing serious safety risks.

5.3.3. Human-AlI interaction

KGs support human-Al interaction by exposing explicit,
human-readable, and updatable knowledge, together with
auditable reasoning traces. User-specific preferences can be
incorporated at design time by encoding them as nodes,
relations or rule conditions in the KG (Halilaj et al., 2021), and
the resulting inference trace can further provide structured
explanations of the ADS decision procedure. However, such
interaction remains rule-bound and schema-constrained,
which limits flexibility and makes it difficult to satisfy real-time,
open-ended user demands beyond the predefined
representation and rule coverage.

In contrast, MLLMSs provide direct conversational interaction
with users or regulators via natural language understanding
and generation. This allows the ADS to communicate its scene
understanding, highlight safety-relevant risks, and justify safe
driving behaviors in a human-readable language-form (Z. Xu
et al,, 2024b). Moreover, MLLMs can accept driver preferences
or high-level driving guidance in real time, and can further
proactively query users when uncertainty is high or additional
constraints are needed, supporting a more adaptive human-in-
the-loop interaction paradigm (Deruyttere et al., 2019; H. Shao
etal., 2024).

5.4. Real-time Deployment

In practical AV safety domain, an update rate of 10Hz is
generally considered acceptable for onboard use, i.e,, 100 ms
latency (Ulbrich et al,, 2014; Zipfl and Z6llner, 2022). Owing to
KGs' structured and lightweight nature, query-style KG
reasoning, such as SPARQL or compact SWRL rule sets over
modest graph sizes, are reported to meet this requirement
typically with a latency of tens of milliseconds or around 100
msin some worse cases (Ulbrich et al,, 2014; L. Zhao et al., 2017).
However, when the reasoning requires long or intertwined
rule chains and when it must operate over large TBox content
with complex axioms under OWL-DL semantics, it often relies
on tableau-based reasoners such as Pellet or HermiT (Sirin et al.,
2007; Shearer et al, 2008), and the latency can degrade to
around 1 s and even exceed 10 s in extreme cases (L. Zhao et al.,
2015¢, 2016; Grabowski and Wang, 2023). Moreover, the
computational cost can grow rapidly with graph scale and the
number of rules, which makes pruning, modular pre-selection,
and knowledge pre-compilation essential for maintaining
predictable onboard latency in complex driving scenarios.

VLMs impose substantial challenges for their onboard AV
safety applications due to their large parameter counts and
compute resource requirements. In practice, their latency is
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highly sensitive to model scale and architecture, input and
output length, quantization precision, inference engine, and the
target hardware platform. Recent onboard deployments of
VLMs commonly rely on low-precision quantization (e.g., 4-bit
AWQ (J. Lin et al, 2024)) together with optimized inference
engine such as LMDeploy. For example, Cui et al. (2024b)
reaches a latency about 1.6-2 s with a 9B model and the
previous deployment setting, while LLM4AD reports end-to-
end latencies of 1.2-1.8 s including an onboard 8B VLM (Cui et
al,, 2024a). These latencies are only tolerable for high-level,
nonurgent adjustments instead of safety-critical, time-sensitive
maneuvers. Instead, NVIDIA’s Alpamayo-R1 (ARI)
substantially optimizes both input and output token counts by
preprocessing the input images and performing backend
trajectory decoding rather than directly handling these through
VLM, and achieves an end-to-end 10 Hz update rate with a
10B-scale model (Y. Wang et al.,, 2025).

Another practical design is to decouple the VLM as a low-
frequency “slow” module rather than synchronizing it with a
10 Hz primary driving loop. This is examplified by DriveVLM-
Dual (X. Tian et al., 2024), which runs a 1.5B VLM reasoning on
an OrinX platform asynchronously and reports an average
speed of 410 ms. In addition, LSRE encodes low-frequency
semantic understanding from a VLM into a latent space and

LLM-enhanced KG

Synergized KGs and LLMs

performs real-time risk discrimination with a lightweight
margin classifier, enabling 10 Hz continuous risk identification
despite the VLM'’s roughly 3 s output latency (Cheng et al.,
2025). However, in emergent safety-critical events, VLMs may
not be able to respond timely and the fast module may fail to
recognize such rare or complex hazards, potentially leading to
risks.

6 Integrating KGs and LLMs for Autonomous
Vehicle Safety

Meeting AV safety requirements for real-time performance,
reliability, and traceability remains difficult with a single
technical solution, either KGs or LLMs. Given their
complementary strengths and limitations, the integrated use of
both offers a promising path to improving AV safety. To
systematically explore this potential, we categorize current and
emerging integration approaches into three paradigms based
on the enhancement direction, as in Fig.7, i.e, LLM-enhanced
KG for AV Safety, KG-enhanced LLM for AV Safety, and
Synergized KGs and LLMs for AV Safety. For each paradigm,
we mainly discuss it through two aspects: knowledge building
and reasoning, where the former serves as a prerequisite for the
latter.

KG-enhanced LLM
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Fig. 7. Categorization of research on integrating KGs and LLMs for AV Safety.

However, current studies of integrating KGs and LLMs remain
scarce in the AV safety field. Therefore, in this section, we
primarily introduce the paradigms of integrating KGs and
LLMs, and then present several practices relevant to AV and
AV safety.

6.1. LLM-enhanced KG for Autonomous Vehicle Safety
6.1.1. LLM-enhanced KG Knowledge Representation

From a process perspective, traditional domain-specific KG
construction workflows can be divided into two main stages:
ontology construction and knowledge extraction. Ontology
construction depends heavily on experts, while knowledge
extraction requires handling large-scale unstructured data,

leading to high time and labor costs. Furthermore, KG
embedding maps the KG into an embedding space, enabling
reasoning via vector-based approaches such as deep learning.
Leveraging LLMs offers a promising alternative in reducing
reliance on experts and improving the efficiency and cost-
effectiveness of KG construction and embedding (Manas and
Paschke, 2025). As knowledge representation typically occurs
offline, the real-time ability of LLMs is not required.

Ontology Construction: Traditionally, ontology construction
begins with large-scale knowledge extraction based on
semantic structures, followed by analysis and abstraction.
However, LLMs trained on diverse corpora enable alternative
approaches by distilling implicit knowledge directly from the
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models. Petroni et al. (2019) first demonstrated the potential of
LLMs as static knowledge bases using the LAMA probing
framework, which evaluates knowledge recall via cloze-style
queries. Subsequently, Bosselut et al. (2019) introduced
COMET, a generative Transformer-based model that translates
LLM-encoded linguistic = knowledge into  explicit
commonsense knowledge. More recently, Y. Tang et al. (2023)
proposed the first LLM-driven domain knowledge distillation
framework for AV, using a three-stage prompting and iteration
strategy to guide ChatGPT in automatically expanding traffic
ontologies from minimal seed inputs.

Despite their advantages, LLM-generated knowledge may lack
consistency and precision, especially in specialized domains.
To address this, incorporating domain-specific corpora and
expert feedback from traditional workflows remains necessary.
Hofer et al. (2024) proposed a two-stage generate-and-refine
approach for automatic RDF Mapping Language (RML) file
generation using LLMs. Their method combines LLMs’
semantic understanding with expert-driven ontology
refinement and the scalability of traditional mapping tools.
Similarly, Tupayachi et al. (2024) developed an Al-based
ontology engineering framework for next-generation Urban
Decision Support Systems, integrating ChatGPT-4, NLP
modules, and the classical Methontology in a prompt-based
pipeline for automated concept extraction and ontology
construction from scientific and technical texts.

Knowledge Extraction: LLMs significantly —enhance
knowledge extraction by improving accuracy and efficiency,
particularly for complex syntax and ambiguous information.
Kumar et al. (2020) increased relation classification accuracy by
adding entity position markers to BERT inputs. Melnyk et al.
(2021) proposed Grapher, a multi-stage KG construction
framework that generates nodes with LLMs and constructs
edges based on node features, effectively addressing edge
sparsity. In the AV domain, Hou et al. (2025) developed a semi-
automatic framework for constructing a traffic accident KG
using ChatGLM4, where experts participate only in ontology
design and triple verification. H. Dong et al. (2024) introduced
the Iterative-LLM Prompting Pipeline, which applies zero-shot
iterative prompting with GPT-4-Turbo for large-scale triple
extraction from in-cabin textual data, incorporating graph
alignment and fuzzy matching for semantic disambiguation
without relying on elaborate ontologies. They further proposed
GLM-TripleGen (H. Dong et al., 2025), a domain-specific model
for intelligent cockpits that reveals implicit links between
driving behaviors and vehicle states, enabling efficient, high-
quality knowledge extraction and KG construction through
lightweight fine-tuning.

The generative ability of LLMs allows the production of large-
scale data from few-shot or zero-shot examples, effectively
enriching the extracted knowledge, especially under the
sparsity of corner and safety-critical data. For example, Chang
et al. (2024) proposed the LLMScenario framework, which
establishes a closed-loop process of prompt engineering, LLM
generation, dual-dimension evaluation (realism and rarity),
and expert feedback. J. Zhang et al. (2024) proposed a safety-
critical scenario generation agent that integrates LLMs with
Scenic, which constructs a large-scale knowledge base of Scenic
code snippets and employs a retrieval-based LLM-to-Sim
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pipeline to assemble high-risk driving scenarios, effectively
avoiding hallucinations typically associated with direct code
generation.

Integrated Workflow: Applying LLMs to the entire workflow
of integrated KG construction is beneficial for maintaining
semantic consistency across different stages. However, few
studies have so far explored the simultaneous enhancement of
ontology construction and knowledge extraction using LLMs
(Kommineni et al, 2024). Moreover, human intervention
remains necessary in existing frameworks to ensure KG quality
and reliability.

KG Embedding: LLMs naturally possess word embedding
ability from a large corpus, facilitating high-quality KG
embedding for vector-based reasoning. For instance, ERNIE (Y.
Sun et al, 2019) employs a dual-encoder structure that
integrates tokenized KG triples with sentence-level textual
representations. Similarly, KEPLER unifies knowledge
embedding and pretrained language models by encoding
entity descriptions into entity vectors, achieving deep
alignment between linguistic features and KG facts (X. Wang et
al., 2021). However, either LLM-enhanced KG construction or
embedding methods have scarcely been developed specifically
for the AV domain based on our investigation.

6.1.2. LLM-enhanced KG reasoning

Existing KG reasoning methods are mainly divided into logic-
based and neural network-based paradigms. The former
emphasizes explainability and deductive reasoning, while the
latter is well-suited for efficient multi-hop reasoning and
knowledge completion (X. Chen et al, 2020). LLMs can
enhance both paradigms with their strong reasoning ability,
while their high computational demands and latency limit
their suitability for real-time reasoning tasks such as AV safety.

For symbolic reasoning, LLMs can generate semantic rules
while maintaining the explainability. L. Luo et al. (2025)
introduced ChatRule, a logic rule mining framework that
integrates KG structural information into LLM prompts
through reasoning paths, and proposed metrics to filter
erroneous rules from hallucinations. LLMs further enable
translating rules into structured representations applicable to
KG reasoning. Manas et al. (2024) combined stepwise
reasoning with logical templates, showing that GPT-4 can
accurately translate complex traffic rules into Metric Temporal

Logic (MTL) formulas.

For the KG completion task, traditional learning-based
methods focus on validating and verifying the plausibility of
predicted triples, but with limitations like insufficient modeling
of relational semantics and difficulty distinguishing correct
answers among lexically similar candidates. LLMs can be
introduced to facilitate these limitations by their wide
knowledge and reasoning ability (B. Kim et al, 2020).
Traditional KGE methods can be further integrated with CoT-
driven LLM to reduce omissions and hallucinations in LLM-
enhanced KG completion (Ji et al, 2024). In addition to
traditional discriminative task, LLM’s generative ability
enables the triple generation for KG completion with a
“prompt—cloze” paradigm. For example, X. Xie et al. (2022)
proposed GenKGC, the first method to formulate KG
completion as a sequence generation task using a generative
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Transformer, addressing the limitations of traditional
discriminative approaches dependent on exhaustive candidate
enumeration. B. Zhang et al. (2023) introduced LLMKE, a two-
stage framework combining knowledge probing and entity
disambiguation, where the LLM-generated answers are
refined through external corpus alignment to ensure
consistency with the KG. In the AV domain, KG completion
research is still nascent and limited in scope.

Beyond improving reasoning performance, LLMs can also
transform KG reasoning outputs into human-readable natural
language explanations, thereby facilitating system debugging
and enhancing interpretability. Manzour et al. (2024)
constructed  task-specific PedFeatKG and DriverKG for
pedestrian crossing intent and vehicle lane-change intent
prediction, respectively, developing corresponding KGEs and
applied Bayesian reasoning on the HighD dataset for road user
behavior prediction. Furthermore, Hussien et al. (2025)
proposed integrating structured reasoning outputs into GPT-4,
combining KG traceability paths, fuzzy rule semantics, and
LLM-generated explanations to reveal probabilistic reasoning
chains and providing human-interpretable justifications.

6.2. KG-enhanced LLM for Autonomous Vehicle Safety

In the context of LLMs, knowledge representation involves
training or fine-tuning LLMSs on general or domain-specific
datasets, embedding the required knowledge into model
parameters. In KG-enhanced LLM reasoning, KG RAG is a
central and widely adopted approach for improving LLM
reasoning capabilities. Thus, we will focus on the application of
KG RAG for AV safety in the final part of this subsection.

6.2.1. KG-enhanced training for LLM

The structured domain knowledge contained in KGs can serve
as supervision for LLM fine-tuning, enabling better capture of
the intrinsic relationships among knowledge entities and
relevant information. Following S. Pan et al. (2024), we divide
the methods of enhancing LLM training with KGs into three
categories: incorporating KGs into the training objectives,
integrating KGs into the input, and using KGs to fine-tune the
LLM.

Incorporating KGs into training objectives focuses on
designing KG-aware objectives. A common approach is
assigning higher masking probabilities to KG entities during
training, enhancing LLM attention to these entities (T. Shen et
al,, 2020; D. Zhang et al.,, 2020). Alternatively, some methods
(Rosset et al,, 2020; S. Li et al., 2022) directly use KG-derived
knowledge as training objectives, like using KGs to generate
high-quality explanations for QA pairs (H. Chen et al., 2025).
Integrating KGs into the input involves incorporating
transformed subgraphs during training. A basic method is
converting knowledge triples into token sequences appended
to input texts (Y. Sun et al., 2021). Subsequent designs reduce
noise from knowledge integration by constraining interactions
between language tokens and KG tokens (W. Liu et al., 2020).
Using KGs to fine-tune LLMs leverages their factual and
structural information to construct instruction-tuning datasets.
By transforming structured triples into textual form, LLMs can
directly acquire KG knowledge, thereby enhancing their ability
to extract and apply factual and structural relations for
improved reasoning (H. Zhu et al., 2023; ]. Wang et al.,, 2022; L.

Luoetal,, 2023).

In the AV domain, Qasemi et al. (2023) introduced TRIVIA, a
VQA framework for the traffic domain. The framework
constructed a KG from collected and coarsely annotated traffic
videos, and further leveraged this KG to automatically
generate subtitles for LLM fine-tuning. H. Zhou et al. (2025)
proposed a KG-based symbolic MLLM training method by
incorporating the Nuscenes knowledge graph, ie,
NuscenesKG (Mlodzian et al, 2023), which encodes road
topology, traffic rules, and complex interactions. Based on this
KG, a symbolic BEV (bird’s-eye view) representation was built
to capture spatiotemporal information, and this representation
was used to fine-tune the LLM, enhancing its understanding of
element co-occurrence and improving sequential scene
prediction.

6.2.2. KG-enhanced LLM reasoning

Enhancing LLMs with KGs during training lacks the ability to
dynamically update knowledge or target specific information.
In domains with rapidly evolving knowledge or requiring
explicit grounding, integrating KGs at the reasoning stage
enables better performance and cooperation with updating
knowledge S. Pan et al. (2024). Knowledge-graph-based
Retrieved Augmented Generation (RAG) is the most
commonly used technique for KG-enhanced LLM reasoning
and has been widely adopted in AV. RAG is a paradigm that
enhances generative models like MLLMs by integrating
external knowledge sources into the generation process, shown
in Fig,8. There are three critical components of a RAG
framework, ie., an information retrieval base, a knowledge
augmentation part, and a context generator.
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Fig. 8. An illustration of different retrieval granularity and
augmentation methods in the RAG framework

Retrieval: In KG-based RAG, KGs function as structured
retrieval sources, providing more organized information than
plain text in typical RAG systems. Retrieval methods can be
classified by the granularity of their results into nodes or edges,
triplets, graph paths, and subgraphs (Chen, 2025). The finest
nodes and edges level provides the most specific descriptions
of entity attributes (Y. Wang et al., 2024b; Munikoti et al,, 2023),
while the triples capture direct relationships between entities (S.
Li et al, 2023). Furthermore, graph paths represent more
distant connections (Mavromatis and Karypis, 2024) and
subgraph-level retrieval offers richer contextual information
(He et al.,, 2024). Some studies further consider the combination
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of different retrieval granularities. For example, Edge et al.
(2024) adopts fine-grained nodes and edges for highly relevant
knowledge and subgraphs for less relevant information.

In terms of retrieval method, a common approach is to extract
entities from the query and retrieve related nodes, edges, or
triplets from the KG to obtain relevant knowledge (S. Li et al.,
2023; Gutiérrez et al., 2024). Further iterative querying (He etal.,
2024; Edge et al., 2024) can be applied based on these elements
with traditional graph algorithms for multi-hop information
(Mavromatis and Karypis, 2024; Gutiérrez et al., 2024; Delile et
al, 2024). To avoid redundant information during iteration, the
similarity between retrieved results and the query is assessed
as a filter criterion (He et al,, 2024; Sanmartin, 2024). Learning-
based approaches, such as graph convolutional networks
(Kangetal., 2022; G. Liu et al.,, 2024) and attention mechanisms
(H. Sun et al, 2023; ]. Dong et al,, 2023), can better encode
historical interactions and context, highlight critical relations,
and improve retrieval efficiency by filtering irrelevant
information (J. Zhu et al., 2026).

To quantitatively measure the retrieval quality, prior studies
commonly report retrieval accuracy and recall. When
groundtruth relevant evidence is available, retrieval
performance can be typically measured by Precision@K and
Recall@K, which reflect whether the retrieved set covers the
relevant information and how much irrelevant information is
retrieved. Rank-sensitive metrics such as Mean Reciprocal
Rank further consider the positions of correct items in the top-
Klist (H. Yu et al,, 2024). As tasks become more complex and
retrieval corpora scale up, annotating ground-truth evidence
becomes costly, and many recent evaluations therefore rely on
answer-conditioned relevance signals to proxy retrieval
precision and recall (Strich et al., 2025). In KG-based RAG,
retrieval evaluation is often extended to graph-structured
evidence by measuring whether the retrieved triples or
subgraphs contain the target entities, or whether they recover
key multi-hop reasoning structures such as shortest paths
between query entities and answer nodes, ie., shortest path
triple recall (Y. Xu et al.,, 2025; M. Li et al., 2024).

Augmentation and Generation: The augmentation process
feeds the retrieved knowledge into the LLM with a suitable
format. A straightforward method is to convert structured
triples or graph paths into plain text (Mavromatis and Karypis,
2024; J. Sun et al, 2023), joined with commas or simple
connecting words, which retains rich structural information
and functioning similarly to CoT (Chen, 2025). Alternatively,
unified templates can be used to transform structured
knowledge into formats more consistent with natural language
(Wen et al, 2024; Sen et al, 2023). When the retrieved
information exceeds the LLM’s context window or contains
excessive irrelevant content, directly converting it to plain text
may reduce the model’s ability to capture key relations. To
address this, some studies extract essential information or filter
out irrelevant parts before augmentation. For instance, Edge et
al. (2024) measured the relevance between retrieved subgraphs
and the query, replacing less relevant segments with concise
subgraph abstracts. ]. Wu et al. (2024) employed an additional
LLM to summarize and refine the retrieved knowledge. The
resulting plain texts are then integrated into prompts to
support LLM generation.
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Besides converting retrieved knowledge into plain text, some
approaches use graph encoders to transform the graph
structure into soft prompts for the LLM (He et al,, 2024; S. Wang
etal,, 2025). This preserves semantic and structural information
more effectively, improving reasoning performance. Some
works (Hu et al, 2025a; Ao et al, 2025) extended this by
integrating both textual descriptions and latent graph
embeddings, providing the LLM with complementary text-
view and graph-view representations.

6.2.3 RAG Practices in AV safety

RAG can facilitate efficient safety analysis and design during
the development phase. Balu et al. (2025) proposed an agent-
based RAG approach for automatically deriving safety
requirements, introducing agents to enhance retrieval by
extracting more relevant information, enabling more efficient
and complex querying. Kieu and Bergstrand (2024) introduced
aRAG-based model to improve the explainability and usability
of AUTOSAR  specifications, demonstrating improved
efficiency. Y. Liu et al. (2025) proposed a RAG-based computer
numerical control fault diagnosis system that incorporates fault
knowledge and real-time engineering data into the decision-
making process, an idea that can be borrowed for autonomous
driving safety.

In the operational phase, RAG is increasingly applied to
enhance the transparency and explainability of ADSs. Hussien
et al. (2025) extracted features from public datasets to construct
KGs centered on road user behavior and context, which were
embedded and retrieved via RAG to enable explainable
predictions. Similarly, Manzour et al. (2025) built a KG for near-
crash scenarios during lane changes, integrating Bayesian
inference with RAG to provide interpretable natural language
explanations. In decision-making, J. Huang et al. (2024)
proposed DriveRP, a RAG-integrated framework combining
real-time and historical data for trajectory planning and motion
control. The working memory captures dynamic inputs, while
long-term memory stores environmental knowledge.
Furthermore, Hernandez-Salinas et al. (2024) introduced IDAS,
a RAGbased system that enhances vehicle decision
transparency by querying automotive manuals through LLMs
in human-machine interactions.

A database of historical driving experiences also supports user-
preference-driven AV, enhancing the trustworthiness and
reliability of LLM-based AV systems. Dai et al. (2024) proposed
VistaRAG, which integrates driving experience, traffic rules,
and user preferences to enable reliable and explainable
decision-making. Ma et al. (2024) introduced a method that
stores positively evaluated LLM outputs in a database,
allowing a RAG-based approach to reference user preferences
during generation, thereby improving safety and
personalization. Z. Xu et al. (2024a) developed a RAG-based
warning system that retrieves user profiles to identify driver
characteristics, enabling personalized interaction and tailored
warnings.

In the AV safety domain, a typical KG-RAG workflow for
scenario risk cognition can be decomposed into three stages:
offline KG construction, online KG retrieval and augmentation,
and online LLM reasoning. In offline KG construction, safety-
related knowledge can be encoded into KGs from road traffic
laws and defensive-driving experience, predefined risk
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patterns, or large-scale historical driving logs and accident
records. In the onboard stage, the system first queries the KG
for knowledge relevant to the current scene. We explain this
workflow by an intersection scenario, where a neighboring
vehicle brakes and a pedestrian suddenly emerges in front of it
from a blind area to cross. Retrieval can be triggered by key
observed behaviors such as surrounding-vehicle braking, or by
a scene-graph similarity query. The system then fetches
regulation or experience-derived statements in triple form (e.g.,
“no overtaking in intersections”) or similar-scenario subgraphs
together with their associated risk sources. The retrieved
evidence is then provided to the LLM, typically as textual
context or graph-derived embeddings, enabling grounded
reasoning to recognize the evolving risk and support
downstream avoidance-oriented decisions.

For road traffic laws retrieval, T. Cai et al. (2024) proposed a
RAG framework that retrieves regulatory documents and
employs an LLM to evaluate whether real-time decisions
comply with safety requirements. In terms of driving
experience, RAG-Driver (Yuan et al, 2024) retrieves expert
demonstrations of similar scenarios as in-context examples,
enabling safer and more interpretable driving behaviors in new
scenarios. Y. Wang et al. (2026) introduced RACS3, a corner case
understanding framework built on a CODA-based image-text
database. Through a cross-modal embedding, retrieval, and
generation pipeline, RAC3 improves the interpretation of rare
scenarios and reduces hallucination in VLMs by similar corner
scenario experiences.

6.3. Synergized KGs and LLMs for Autonomous Vehicle
Safety
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reasoning paradigms. In this figure, double-line arrows
indicate the primary reasoning f low, solid single arrows
denote information flow between the KG and the LLM, and
dashed single arrows represent closed-loop knowledge
updates.

Currently, the integration of LLMs and KGs is shifting from
unidirectional enhancement to deep bidirectional reasoning
synergy. In this work, Bidirectional Reasoning refers to
synergistic reasoning enabled by explicit information exchange

between the two components, where both the KG and the LLM
act as reasoning modules and the overall reasoning procedure
fully exploits the exchanged information. This allows the agent
to better capitalize on their respective strengths, selecting
appropriate reasoning mechanisms across different task types,
while using mutual information to mitigate typical failure
modes, such as LLM hallucination and the limited
generalization capability of KGs. It naturally distinguishes
Bidirectional Reasoning from unidirectional enhancement
paradigms, where a single component serves as the primary
reasoning module and the information flow is predominantly
one-way, such as in RAG-style pipelines. The information flow
of typical KG-LLM integrating reasoning paradigms is shown
in Fig9.

This section primarily discusses key paradigms and
representative studies of the synergy of KGs and LLMs in two
dimensions: Synergized Knowledge Representation and
Retrieval, and Synergized Reasoning Interaction and Feedback.
Building on the notion of Bidirectional Reasoning, we
characterize typical reasoning paradigms by analyzing their
information flow patterns, highlighting whether and how the
coupling between KGs and LLMs. Finally, we propose a
promising Parallel Synergy Framework towards bidirectional-
reasoning-enhanced real-time AV safety.

6.3.1. Synergized Knowledge Representation and Retrieval

The unidirectional enhanced knowledge representation and
retrieval methods fall short for interactive reasoning in complex
tasks due to the lack of dynamic feedback. Beyond this, recent
studies emphasize bidirectional complementarity of KGs and
LLMs in such tasks.

At the knowledge representation level, the synergy between
KGs and LLMs is primarily on the integration of structured
knowledge into the embedding space of LLM, as well as the
enhanced completion of KG by LLM. A representative work is
the series of ERNIE models, progressively achieving vertical
refinement of knowledge granularity and horizontal extension
of model paradigms. In the early stage, ERNIE works
integrates KGs in embedding phase, with multi-task injection
to support more precise generation of LLMs (Y. Sun et al., 2019,
2020). Their recent work further constructing a dual-tower
framework for both understanding and generation of natural
languages, wherein the generation tower supports reverse
extraction and completion of KGs (Y. Sun et al,, 2021). In AV
safety, synergistic knowledge representation via KG alignment
facilitates the injection of domain-specific knowledge like traffic
rules and safety protocols into AV-oriented LLMs. Conversely,
LLMs can analyze driving data, extract safety strategies from
long-tail scenarios, and iteratively enrich the knowledge base.

Building upon the foundation of the unidirectional
enhancement of KG retrieval for LLM in typical RAG
procedure, recent developments have moved toward a more
synergistic paradigm, where the LLM’s outputs further update
or refine the KG, further enabling structural symbolic
reasoning from KGs and implicit reasoning from LLMs to
complement each other. Microsoft's GraphRAG (Edge et al,
2024) exemplifies this approach by using LLMs to extract
knowledge from raw text to build KGs, which are then
processed via community detection and integrated into the
RAG pipeline for both localized retrieval and global
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summarization. However, generating domain-specific KGs
from scratch can be costly and incompatible with existing KGs.
To mitigate this, Ojima et al. (2024) proposed IR-based
GraphRAG, which connects expert-curated failure KGs in AV
with the GraphRAG framework through a retrieval-
subgraph-filtering pipeline. This allows the KG to provide
logically coherent reasoning chains, demonstrating the
strengths of KG-LLM collaboration in complex fault diagnosis.

6.3.2. Synergized Reasoning Interaction and Feedback

Sequential Framework: The simplest synergy paradigm
assigns distinct reasoning tasks to KGs and LLMs within a
multistep workflow. Qi et al. (2024) proposed a safety control
framework for service robots integrating LLMs, Embodied
Robotic Control Prompts (ERCP), and an Embodied KG. Here,
the LLM parses natural language instructions into API-level
sequences, while the KG validates the resulting Cypher queries
for safety. Choudhary and Reddy (2023) introduced the LARK
framework, which decomposes complex logical queries into a
reasoning chain with multiple RAG steps. In detail, compared
to the typical RAG framework, it performs retrieval and
generation at each step of the logical chain, and the output of
each LLM step dynamically influences subsequent queries.

In the AV domain, ]. Wang et al. (2025) proposed the
HybridDriving  framework, integrating dynamic risk
reasoning and static rule filtering into LLM prompts via a Scene
Evolution KG. In this framework, KG handles risk reasoning
for vehicle actions, while the LLM generates safe and
interpretable driving decisions based on KG outputs. H. Zhou
et al. (2025) introduced the FM4SU framework, which fuses
KG-driven BEV symbolic representations with LLMs for scene
understanding and prediction. In turn, the LLM supports KG
completion by inferring occluded elements and predicting
future actions, enabling real-time updates for downstream
reasoning or decision-making.

LLM as an agent: Another emerging KG-LLM reasoning

paradigm treats the LLM as an agent for actively controlling
KG retrieval and reasoning. leveraging LLM'’s capabilities in
language understanding and inference. J. Sun et al. (2023)
introduced Think-on-Graph (ToG), where the LLM iteratively
executes a search—-prune-reason loop via Beam Search,
overcoming the retrieval bottlenecks of traditional pipelines
like LLM-SPARQL-KG. Extending this idea, T. Zhou et al.
(2024) proposed CogMG, a collaborative framework
addressing challenges such as incomplete KG coverage and
asynchronous knowledge updates. While ToG focuses on
guiding LLMs to reason over existing KGs, CogMG allows the
LLM to decompose queries, infer missing triples using context,
and update the KG in real time for subsequent reuse. J. Jiang et
al. (2025) proposed the KG-Agent framework, empowering an
LLM to autonomously make decisions regarding its interaction
with the KG. This design enables the LLM to independently
decide how to interact with the KG, including tool selection and
relation retrieval, and to iteratively update its knowledge state
for complex reasoning tasks. Nevertheless, applications of such
agent-based paradigms in the AV domain remain
underexplored.

6.3.3. Parallel Synergy Framework for Real-Time AV
Safety

Despite the progress in synergizing KGs and LLM:s for safety-
related reasoning, most existing systems still collaborate in a
sequential manner, where information is passed step-by-step
between the two components and the knowledge source
remains essentially static during operation. In contrast,
bidirectional reasoning, characterized by explicit two-way
interaction between the LLM and the KG together with
collaborative reasoning, has rarely been realized in practice.
This capability is particularly important for AV safety, as two-
way coupling enables more effective joint utilization of
structured knowledge and model-based inference under
complex, long-tail scenarios.
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Fig. 10. Parallel Synergy Framework for Real-Time AV Safety.

To meet the real-time and computational demands of AV, we
propose a parallel synergy paradigm for KG-LLM
collaboration, featuring a dual-system architecture with KG-
driven fastand LLM-driven slow channels, illustrated in Fig.10.
In detail, on the offline side, a risk scenario KG is built via
ontology specification and knowledge extraction from a
driving risk dataset. During the operational phase, the
observed real-time data is built as a real-time scene graph
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comprising traffic-participant nodes, road-structure nodes, and
typed relational edges. This scene graph is continuously
compared against the risk scenario KG database to retrieve the
top-K similar subgraphs. These subgraphs will be fed into the
KG reasoner to directly infer risk when the scene-subgraph
similarity is high, thereby enabling low-latency recognition of
pre-defined risk modes.

Conversely, when no sufficiently similar subgraph exists, the
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scene is treated as potentially containing an unseen risk pattern,
and the retrieved Top-K subgraphs are used as RAG evidence
for a parallel VLM-based reasoner. This VLM employs a
popular backbone (e.g., Qwen) to provide general multimodal
reasoning capability, while a lightweight adapter is finetuned
on risk datasets to specialize the model for risk cognition. The
outputs from the parallel reasoners are subsequently unified
through a shared decoding interface for the subsequent
decision-making or E2E models. Finally, for low-similarity
cases, the outcome of scene progression, together with the VLM
reasoning results, is validated either by human feedback or
VLM-assisted verification and then incorporated back into the
risk scenario KG, thereby enabling continuous improvement in
risk recognition.

This design balances and combines responsiveness and
strategic depth, supports redundancy and fallback at the task
level, and improves reasoning stability in safety-critical
contexts. Furthermore, in risky scenarios, the system activates
data logging alongside risk reasoning and safety response,
enabling later human-machine collaboration to feed
experiential knowledge back into the KG, evolving the
architecture into a closed-loop paradigm. The key features of
the parallel proposed synergy reasoning framework lie in
following aspects:

Parallel reasoning with adaptive switching: Unlike sequential
pipelines, this framework treats both the KG reasoner and the
VLM as first-class reasoning engines that run in parallel and
mutually reinforce each other via bidirectional information
support. With a scenario-aware switcher, it can adaptively
route the more suitable engine, thereby exploiting the KG's
strength in high-similarity, rule-consistent cases and the LLM’s
strength in complex, uncertain, or long-tail situations at the
same time.

Robustness via redundancy and fallback: By enabling the KG
reasoner and VLM to jointly infer risk, the framework
introduces task redundancy. While one side is unreliable or
mismatches the scenario, e.g., by insufficient KG coverage or
unstable VLM response, the system can fall back to the other
reasoning engine to maintain a valid risk assessment. This
redundancy provides a practical robustness guarantee across
routine, long-tail, and uncertain scenarios for the overall risk
identification pipeline, without collapsing into a single-point
failure.

Real-time inference ability: With the fast-slow dual-channel
design, the KG-driven channel delivers high-frequency, low-
latency risk identification for predefined risk patterns, while the
VLM-driven channel runs at a lower frequency to conduct a
more holistic risk assessment by better scene understanding.
The two risk evaluations are mutually used as reference inputs,
enabling consistent cross-conditioning rather than isolated
outputs. As a result, the framework preserves real-time
responsiveness without sacrificing the ability to handle
complex long-tail situations.

Continuous improvement by closed-loop feedback: By
leveraging complementary signals from both reason engines
and the observed evolution or outcomes of scenarios, the
framework enables automatic closed-loop knowledge updates.
On the KG side, it can incrementally enrich missing risk-
scenario knowledge, strengthening future avoidance capability

in similar cases. On the VLM side, it can automatically collect
and curate failure or uncertainty cases for continual refinement,
driving sustained robustness gains over time.

7 Perspectives and Challenges

KGs and LLMs have both been widely adopted in AV-safety
tasks, and recent studies have increasingly demonstrated the
potential of their bidirectional enhancement. In this section, we
summarize current challenges and future perspectives on
enhancing AV safety with the synergy of KGs and LLMs.

7.1. KG Perspectives and Open Challenges

Multi-modal KGs: Most existing KGs are built on textual
ontologies and symbolic relations, making them inherently
misaligned with the multi-modal sensor inputs of AV systems.
Moreover, cross-modal alignment is costly and often incurs
semantic, temporal, and spatial information loss. Nevertheless,
multi-modal KGs are increasingly viewed as structured
memory that bridges perception and reasoning, providing
richer context for safety-critical tasks and enabling tighter
integration with MLLMs. Representative efforts, such as
TRIVIA (Qasemi et al., 2023) and the NuScenes KG-based
symbolic representation (H. Zhou et al.,, 2025), highlight both
the promise and the practical bottlenecks of this direction,
motivating unified multi-modal knowledge representation
and reasoning frameworks that preserve spatiotemporal
fidelity with manageable computational cost.

Event and Causal KGs: Current AV KGs are mainly built on
static and long-lived entity relations, making them less suitable
for dynamic traffic participants and event-level interactions
during operation. EKGs and causal augmentation provide
richer temporal and causal support for accident mechanism
modeling and counterfactual reasoning, and can thus
complement MLLMs in reasoning about invisible or potential
risks. However, constructing fine-grained event-centric causal
graphs remains difficult, as it requires reliable event definitions,
robust event detection from heterogeneous data, and
trustworthy causal structure extraction. Existing studies
already expose these bottlenecks, such as limited transferability
in'Y. Liand Liu (2022) and assumption-driven causal modeling
in Jaimini et al. (2024).

Real-time Deployment: KG-based reasoning often faces a
trade-off between completeness and timeliness, as longer
temporal context expands the candidate space and runtime in
dynamic traffic. This motivates attention-like subgraph
selection and incremental reasoning over only affected graph
regions to achieve faster risk recognition within a smaller
effective scope. In ontology-based rule reasoning, the main
bottleneck is rule matching over large spatiotemporal
candidate sets. L. Zhao et al. (2016) reduced reasoning time
from 470 ms to 53 ms by restricting inference to a sub-
knowledge-base near the ego vehicle and to single-frame
entities. At larger scales, this real-time restriction becomes more
severe and is further limited by representation alignment
quality. Ye et al. (2025) reported that SafeDriveRAG, built on a
1.32m-token multi-modal KG, requires 884.10s for retrieval,
making online deployment infeasible.

7.2. LLM Perspectives and Open Challenges
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Closed-loop Data Collection: Fine-tuning pipelines for LLMs
are become increasingly standardized, and multi-agent
workflows can be used to generate, cross-validate, and refine
instruction data for SFT. However, risk data is inherently vast
and long-tail, and high-quality samples are still largely
dependent on manual heuristics or rule-based triggers.
Looking ahead, scalable AV safety requires automated closed-
loop mechanisms for continuously mining and reusing long-
tail cases. Existing studies, such as TrafficSafety GPT and RAC3
(Zheng et al., 2023; Y. Wang et al., 2026), have injected safety-
critical experience into LLMs, but still lack a reliable framework
for identifying, generalizing, and validating new safety
knowledge at scale. Meanwhile, current models remain
inaccurate under low iteration counts and prone to false alarms,
making them more suitable for coarse pre-screening than direct
deployment (Sinha et al., 2024).

Safe and Constraint-aligned Outputs: A major limitation of
LLMs in AV is hallucination-induced unsafe or non-compliant
outputs. Improving safety therefore requires more accurate
intermediate reasoning and tighter integration with reliable
external knowledge constraints. Yet this remains difficult, as
confidence estimation and uncertainty quantification increase
computational burden, and models may still violate constraints
even when scene-specific knowledge and structured prompts
are provided (An et al,, 2025). This shows that directly adding
knowledge does not guarantee compliance. Regulation-
grounded retrieval-augmented reasoning is a promising
direction (T. Cai et al,, 2024), but reliable adherence under open-
ended generation remains challenging and requires
verification-aware decoding and in-loop constraint checking.

Real-time Deployment: Current MLLMs still face high
computational demands, limiting real-time deployment in
safety-critical driving scenarios. Looking forward, lightweight
or distilled models for onboard hardware, more efficient
architectures, and accelerated inference pipelines have shown
initial progress toward practical AV deployment. Nevertheless,
although such attempts can reduce part of the model footprint
but still face a persistent difficulty in retaining sufficiently
strong capability under a strict parameter budget, as evidenced
in Y. Tang et al. (2023). Meanwhile, multi-route reasoning
frameworks and adaptive thinking strategies (Q. Yang et al.,
2025; Y. Luo et al,, 2025) can accelerate responses in routine
situations, yet they still fall short when urgent and complex
events require deeper reasoning and more stable decision
making. Consistently, DriveVLM (X. Tian et al., 2024) reports
about 600 ms for image compression and 410 ms for inference
even on an NVIDIA OrinX platform, showing that latency
remains fundamentally constrained by onboard computing
and that robust reasoning under time pressure is still difficult.

7.3. Synergistic Perspectives and Open Challenges

Accurate Knowledge Retrieval: Knowledge retrieval is
essential for reliable risk reasoning, yet incomplete coverage
and poor retrieval strategies may provide limited or even
misleading evidence for downstream reasoning. Looking
forward, retrieval should support multi-granularity evidence
and go beyond naive top-K filtering to retain scenario-relevant
context. This remains challenging because AV knowledge
spans documents and passages, nodes, triples, subgraphs,
frames, and event chains, while accurate cross-level retrieval
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often conflicts with efficiency. Recent methods point to possible
directions, such as GraphRAG, which replaces less relevant
segments with concise subgraph abstracts (Edge et al., 2024),
and GNN-RAG, which uses graph encoding and neural
retrieval to improve evidence selection (Mavromatis and
Karypis, 2024). However, the tension between retrieval
accuracy and real-time readiness remains.

Robust Knowledge Utilization: Even when a retrieval module
returns top K evidence, correctness and applicability are not
guaranteed, and weakly related, partially correct, or conflicting
items may mislead generation if naively trusted. Looking
forward, robust utilization should reduce exposure to such
evidence by structuring retrieved content before generation,
combining rank with absolute similarity for gating, and
applying validation-based reranking when conflicts or low
relevance are detected. Existing studies have explored these
directions through evidence refinement, where an additional
LLM summarizes retrieved knowledge before prompting (J.
Wau etal, 2024), and value-guided utilization, such as KnowVal
(Xia etal., 2025), which uses a Value Model to assess knowledge
utility and guide trajectory decisions. However, robust
utilization remains difficult because scenario-dependent
calibration, heterogeneous and partial observations, and
aggressive filtering may remove rare but safety-critical cues
under real-time constraints.

Closed-loop Knowledge Update: KGs are more extensible
and their update cycle can be shorter than LLM weight updates,
while injecting new knowledge into a KG does not induce
catastrophic forgetting. From a future perspective, a practical
closed-loop strategy is to update KGs more frequently with
new entities, relations, and risk patterns from operational data
and expert supervision, while refining LLMs less often through
continual training, enabling KG and LLM components to
jointly cope with endless operational risks. Nevertheless,
building an automated framework that can reliably identify
novel knowledge, incorporate it with minimal human
intervention, and maintain consistency across KG and LLM
components remains challenging. building an automated
framework that can reliably identify novel knowledge,
incorporate it with minimal human intervention, and maintain
KG-LLM consistency remains challenging. Agent-based
paradigms provide early attempts, such as Think-on-Graph (J.
Sun et al., 2023) and CogMG (T. Zhou et al., 2024). Yet their gap
to safety-critical AV deployment still calls for stronger
consistency maintenance, provenance tracking, and update
validation under shifting operational distributions.

7.4. Benchmarking and Evaluation Infrastructure

For KGs, a practical roadmap calls for open and unified
ontology frameworks that jointly cover static scene
descriptions, traffic participant behavior semantics, and risk
concepts, so as to reduce the current schema fragmentation and
repeated engineering overhead across studies. Beyond
defining schemas, the community also needs standardized
construction and evaluation protocols for converting
heterogeneous multimodal data sources into graph-structured
knowledge. Such pipelines should be assessed not only by
construction accuracy but also by cross-source consistency,
schema compliance, and the degree of required human
intervention, since these factors directly determine whether
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multi-modal KGs can be built and maintained at scale.
Moreover,  dedicated  driving-risk =~ knowledge-base
benchmarks are needed. The associated deployment-oriented
metrics should capture ontology and graph scale, knowledge
freshness and update cost, and the correctness and stability of
downstream risk reasoning under bounded runtime budgets.
The benchmarks should also define reproducible splits across
cities, weather, and time to avoid distribution leakage and to
quantify generalization.

For LLMs, the roadmap should prioritize AV-safety-specific
data curation and annotation workflows that support long-tail
risk discovery and iterative reuse. When stepwise supervision
is adopted, standardized reasoning traces are also needed,
enabling datasets to systematically cover rare but safety-critical
scenarios rather than relying on manual heuristics or rule
triggers. Evaluation should be anchored by protocols that
report not only end-task accuracy but also model size and
runtime, stepwise reasoning correctness and consistency, and
auditable safety and compliance outcomes such as constraint
violation rates, because safety failures often arise from
intermediate reasoning errors and cannot be diagnosed by a
single final-score metric. To support closed-loop improvement,
benchmarks should further include incremental settings that
simulate low-iteration data loops. New risk cases should arrive
over rounds, and the model should be evaluated for how
reliably it absorbs new knowledge, how stable its behavior
remains across updates, and how well uncertainty or
confidence calibration reflects risk-critical mistakes.

For KG-LLM synergy, benchmarks should pair AV-safety
datasets with matched knowledge bases. This enables
controlled and reproducible evaluation of retrieval, utilization,
and system-level behavior, instead of treating the KG as an
unobserved implementation detail. In addition to retrieval
accuracy and query relevance, protocols should explicitly test
robustness to imperfect evidence. This includes low-similarity
yet highly ranked items, conflicting retrieved facts, and partial
knowledge coverage, which are common failure modes that
can mislead generation. The evaluation should jointly measure
the correctness of generated risk conclusions or actions, the
degree of evidence attribution and verifiability, and the full-
stack latency broken down into retrieval, verification, and
generation under realistic onboard budgets. Finally, closed-
loop update benchmarks are required to quantify how newly
observed risks trigger knowledge updates, how consistency is
maintained across KG and LLM components over time, and
how performance evolves over incremental updates without
sacrificing safety-critical reliability.

8 Conclusion

Ensuring safety remains a central challenge in the development
of autonomous driving systems. This review systematically
explored how Knowledge Graphs (KGs) and Large Language
Models (LLMs), as representatives of knowledge-driven and
connectionist Al paradigms, can individually and jointly
contribute to enhancing autonomous vehicle safety. By
analyzing their respective strengths and limitations, as well as
reviewing recent efforts toward their integration, we
highlighted the potential of combining explicit knowledge
reasoning with flexible semantic understanding to address

safety-critical challenges in complex driving environments,
and provided a feasible framework for real-time AV safety.
Finally, we discussed the potential and challenges in this field.
Despite the progress, the field remains in an early stage, and we
believe this review will provide insight for readers. Looking
forward, we believe that advancing the synergy between KGs
and LLMs will play a pivotal role in building the next
generation of robust interpretable, and trustworthy
autonomous driving systems.
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