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Abstract: Large language models (LLMs) have become a hot topic of discussion because of their powerful
semantic understanding and generation ability. Although the large language models perform well in dealing with
general knowledge-based questions and answers, there is still a widespread phenomenon of “hallucinations” in
industries involving complex decision-making, and problems such as interpretability and credibility are prominent.
On the basis of combining current domestic and abroad research, this paper puts forward a knowledge-enhanced
system architecture for large language models in urban transportation starting from the perspective of integrating
knowledge graphs with large language models. Furthermore, the paper explores the technologies of prompt word
engineering, retrieval enhancement generation, model integration, and agent construction. A knowledge-enhanced
LLM for urban transportation (TransKG-LLM) is developed. Practical explorations are conducted from four
dimensions: data enhancement, knowledge enhancement, model enhancement, and task enhancement. The results
indicate that the proposed model can alleviate the “hallucinations” phenomenon of the general large language model,
and help to improve the scientific, refined, and intelligent level of urban transportation management ability. DOI:
10.13813/j.cn11-5141/u.2024.0046-en
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0 Introduction

Urban transportation constitutes an important habitat for
new technologies and emerging industries. It is a typical
knowledge- and technology-intensive  sector  that
encompasses multiple disciplines, including transportation,
urban and rural planning, sociology, economics, and
management [, with diverse and highly differentiated
application scenarios. Consequently, practitioners’ cognitive
capacity to address complex problems and their ability to
master new technologies are crucial for cultivating new
productive forces. At present, China’s urban transportation
sector faces challenges such as increasing complexity, the
need for rapid decision-making responses, and heightened
demands for scientific decision-making ?1. These challenges
impose higher requirements on practitioners’ overall
competence and underscore the urgent need for innovative
theoretical and methodological systems to enhance the
sector’s new productive forces.

Large Language Models (LLMs), as a major branch of
Generative Artificial Intelligence (GAI), represent a key
technology for advancing new productive forces. Since the
launch of ChatGPT by OpenAl at the end of 2022, LLMs
have attracted widespread attention from both academia and
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industry worldwide 1. Numerous institutions, both domestic
and international, have successively introduced their own
LLMs ™ such as Google’s Gemini ), Facebook’s LLaMA
161 Mistral A’s Mistral-7B [/, OpenAlI’s text-to-video model
Sora Bl and more recently, OpenAl’'s O1, which
demonstrates advanced reasoning capabilities for complex
tasks Pl In China, Baidu’s ERNIE Bot, Alibaba’s Tongyi
Qianwen, and Zhipu AI’s ChatGLM are advancing in
parallel, while the release of DeepSeek-R1 by DeepSeek in
early 2025 has drawn particular attention.

Despite their strong performance in general-purpose
question answering, LLMs still face prominent limitations in
industry domains requiring complex decision-making. These
include hallucinations, as well as deficiencies in
trustworthiness,  interpretability, —and  controllability.
Hallucinations refer to the phenomenon whereby LLMs
generate inaccurate or fabricated information, often due to
incomplete domain knowledge coverage, biases in training
data, the absence of fact-verification mechanisms, or
mismatches in reasoning processes. Moreover, the enormous
parameter scale of LLMs, coupled with the lack of explicit
decision  pathways, hampers interpretability  and
controllability. As a result, tracing the reasoning logic behind
generated content is difficult, which, in application domains
emphasizing causal reasoning, undermines user trust. In
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recent years, research in Knowledge Engineering (KE) has
sought to alleviate these challenges by effectively integrating
LLMs with domain knowledge graphs. This approach has
proven effective in mitigating hallucinations, enhancing
adaptability in industry-specific contexts, and providing a
crucial technological pathway for practical LLM
applications. The deep integration of LLMs and knowledge
graphs has emerged as a new research frontier. Sectors such
as healthcare and finance have already engaged in active
exploration, developing domain-specific LLMs for medical
(19 and financial ' applications. By contrast, exploration in
the urban transportation domain remains in its early stages.

Based on a review of current studies, this study proposes a
system architecture for a knowledge-enhanced LLM in urban
transportation, grounded in the integration of knowledge
graphs and LLMs. It further explores enabling techniques
such as prompt engineering, retrieval-augmented generation,
model fusion, and agent construction. Based on these
advances, the study develops the Transportation
Knowledge-Enhanced LLMs (TransKG-LLM) and conducts
practical investigations across four dimensions: data
enhancement, knowledge enhancement, model enhancement,
and task enhancement.

1 Literature review

LLMs can be categorized into general-purpose LLMs and
domain-specific LLMs (also referred to as vertical LLMs).
General-purpose LLMs are trained on massive datasets and
designed for broad applicability. Domain-specific LLMs are
typically fine-tuned from general-purpose models or trained
on domain-specific datasets to better address specialized
problems. This section first reviews the developmental
trajectory and technical pathways of both general-purpose
and domain-specific LLMs, with a particular focus on
applications in the medical, financial, and transportation
sectors, and concludes with an overall assessment of current
research.

1.1 General-purpose LLMs

From a historical perspective, the evolution of language

models can be divided into four stages: statistical language
models, neural network language models, pre-trained
language models, and large language models ™ (see Fig. 1).
Early statistical models often employed probabilistic
methods to predict word sequence probabilities, such as the
N-gram model ['%, Neural network language models, such as
Word2vec '3, transformed words into vectors for prediction
through neural architectures. A milestone was reached in
2017 when A. Vaswani et al. '¥ introduced the Transformer
model, which leveraged self-attention mechanisms and
parallel computation to better capture long-range
dependencies and improve training and inference efficiency.
In 2020, OpenAl released GPT-3, with 175 billion
parameters, whose strong emergent abilities signaled the
advent of the large language model era.

With the launch of ChatGPT in late 2022 51 LLMs
entered the public spotlight. In recent years, development has
gradually shifted from text-based models toward multimodal
integration, encompassing text, images, and video (see Fig.
2). Such multimodal large language models (MLLMs)
substantially enhance models’ capacity to understand and
generate content aligned with the real world, as demonstrated
by models such as LLaVA %], GPT-4 multimodal [!"!, and the
text-to-video model Sora. Nonetheless, due to limitations in
textual knowledge structures, update frequency, and training
costs, the performance of LLMs in vertical domains such as
medicine, finance, and transportation remains constrained,
with hallucinations particularly pronounced.

1.2 Domain-specific LLMs

Domain-specific LLMs are generally optimized from
general-purpose models through two technical pathways:
internal optimization and external optimization.

1) Internal optimization: This involves modifying model
parameters (e.g., weights) to improve performance on
domain-specific tasks. Two principal approaches are:
Pre-training, which learns domain knowledge from large-
scale unsupervised datasets to build parameterized models
capable of performing real-world tasks ['¥; Fine-tuning,
which employs domain-labeled data for efficient parameter
adjustment and incremental training, thereby enhancing
performance in specialized tasks 181,
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Fig. 1 Development of language models
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Fig. 2 Development of large language models

2) External optimization: Instead of directly updating
model parameters, external optimization improves
performance in vertical domains by incorporating external
knowledge bases or tools. Major approaches include: Prompt
engineering, which guides models toward more accurate
outputs  through carefully designed prompts [
Retrieval-Augmented Generation (RAG), which leverages
external knowledge repositories with re-ranking strategies
during retrieval to support the generation of highly relevant
content [?Y; Model fusion, which combines the generalization
ability of LLMs with the domain-task proficiency of smaller
models; Agent, which are complex systems built upon LLMs
that typically integrate planning, memory, feedback, and
execution modules to handle more sophisticated tasks 2221,

In summary, internal optimization enhances the
performance of general-purpose LLMs in vertical domains
but faces challenges such as large data requirements, high
costs, and slow knowledge updates. External optimization, by
contrast, offers faster knowledge updates, stronger
interpretability, and lower costs, making it particularly suited
to leveraging accumulated domain knowledge. Consequently,
it has attracted considerable attention in recent years in the
development of domain-specific LLMs. A comparative
analysis of internal and external optimization approaches
across aspects such as domain data, construction costs, data
security, and controllability of outputs is shown in Fig. 3.

Extemal optimization Internal optimization

Prompt RAG Model fusion Agent Fine-turning Pre-training
Domain data Few Moderate Moderate Moderate More
SRt Low Lower Moderate Higher Higher
Data security Low Moderate Moderate Higher ‘ M‘
ocad [ [ [

Fig. 3 Comparison of internal and external optimization methods
for large domain language models

1.2.1 LLMs in the medical domain

The medical domain benefits from relatively strong data
and knowledge-graph foundations and has been among the
earliest to explore applications of domain-specific LLMs. In
the internal optimization aspect: Google’s Med-PaLM2 23]

combines fine-tuning on medical datasets with prompt
optimization to significantly improve intelligent question
answering in medicine. PMC-LLaMA 4, built on LLaMA,
incorporates medical scholarly articles and classic textbooks
together with knowledge graphs for fine-tuning, achieving
strong performance on multiple medical QA benchmarks.
Similarly, ChatDoctor >, also based on LLaMA, uses
doctor—patient dialogue datasets and external knowledge
bases for fine-tuning, creating a QA system better aligned
with real-world medical contexts. In the external
optimization aspect: MedDoc-Bot *°! integrates multiple
LLMs to build a medical document-based conversational
system. Microsoft has demonstrated that, through prompt
optimization alone, ChatGPT can achieve expert-level
performance in medical QA without further fine-tuning 7.
Despite these advances, medical LLMs still face challenges
such as insufficient knowledge training and immature
long-context reasoning technologies 81, Further in-depth
research and exploration remain necessary.

1.2.2 LLMs in the financial domain

The financial sector is characterized by large-scale data
computation, coupled with stringent requirements for privacy
and security. In recent years, efforts have been made to
integrate domain-specific expertise with general-purpose
LLMs, achieving promising results in applications such as
intelligent question answering and work-order assistants. In
terms of internal optimization, leading enterprises in the
sector have leveraged vast proprietary datasets and combined
general-purpose LLMs with financial knowledge to build
industry-focused models. For example, based on the
open-source BLOOM model, BloombergGPT [?°! was trained
on decades of financial data, resulting in a finance-
specialized LLM that demonstrated superior performance in
knowledge-based QA and reasoning tasks. For external
optimization, approaches mainly involve combining financial
knowledge with internal data to construct applications that
meet strict security standards. One example is the ChatABC
system developed by the Agricultural Bank of China, which
is deployed as a QA assistant and work-order response
assistant. Additionally, some applications combine financial
tool libraries and model repositories to build LLM-driven
systems capable of handling complex tasks. FinGPT B, for
instance, is an open-source LLM framework specifically
designed for finance, aimed at improving adaptability in this
domain. Given the sector’s rigorous privacy and security
constraints, most enterprises currently apply LLMs primarily
for cost reduction and efficiency improvement. Nonetheless,
persistent challenges remain, particularly in interpretability
and data privacy protection.

1.2.3 LLM:s in the urban transportation domain

Urban transportation is a multidisciplinary field that
emphasizes system-wide complexity, dynamism, and
uncertainty B!l Current internal optimization of LLMs in this
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domain primarily builds upon open-source models. For
example, TransGPT B2l fine-tuned on domain-specific
textual and conversational data based on ChatGLM, has been
developed for QA tasks, thereby improving accuracy in
professional knowledge responses. Similarly,
TrafficSafetyGPT, built on LLaMA, was trained on traffic
safety instruction sets to overcome the limitations of prompt
engineering 331, However, most research has focused on
external optimization. Some scholars have employed prompt
engineering to assist LLMs in addressing complex traffic
problems, such as signal control ** and mobility behavior
prediction B3, Others have combined prompt optimization
with multi-agent collaboration for monitoring and
management tasks ), To enhance the transferability of
transportation-specific models, researchers have also
explored hybrid approaches that fuse domain models with
LLMs, thereby improving their capacity to handle complex
tasks 37, Moreover, to adapt to multimodal scenarios in
urban transportation, a multimodal LLM framework
(MT-GPT) has been proposed, adopting a hierarchical
“point-line-plane” structure to provide data-driven support
for complex decision-making in transportation systems 18],
Currently, urban transportation LLMs face challenges in
terms of domain knowledge completeness, adaptability to
complex scenarios, and interpretability. Future research
should focus on strengthening cross-domain knowledge
integration, enhancing reasoning capabilities for complex
tasks, and improving model interpretability.

1.3 Summary

Current studies on domain-specific LLMs have largely
concentrated on two pathways: (1) internal optimization,
which fine-tunes general-purpose LLMs to improve
adaptability in industry-specific contexts; and (2) external
optimization, which employs methods such as
Retrieval-Augmented Generation (RAG) and large-small
model integration to better adapt general-purpose LLMs to
domain-specific applications. Internal optimization requires
strong technical expertise, extensive datasets, and substantial
computational resources, enabling intellectual property
protection and deep customization of LLMs’ capabilities.
However, it is costly and technically demanding. By contrast,
external optimization emphasizes the integration of
industry-specific data and knowledge resources, facilitating
rapid iterative development tailored to practical scenarios,
thereby accelerating the deployment of domain-specific
LLMs.

Given the complexity and dynamism of urban
transportation, as well as the resource and expertise demands
of training LLMSs, external optimization presents a more
feasible technical pathway. This approach relies primarily on
open-source general-purpose LLMs, augmented by corpora
and knowledge graphs constructed from disciplinary
knowledge, scientific literature, and industry reports.
Through prompt engineering, RAG, model fusion, and

agent-based methods, domain-specific LLMs can be
developed to enhance understanding of urban transportation
and to address complex problems. In turn, such systems can
provide more scientific and refined decision support for
urban transportation governance.

2 Architecture of LLMs in the wurban

transportation domain

2.1 Causes of existing problems in urban

transportation LLMs

When applied to urban transportation, general-purpose
LLMs face the dual challenges of “hallucinations” and
inadequate reasoning capabilities. The underlying causes are
as follows:

1) Lack of high-quality corpora in the transportation
domain. Compared with medicine and finance, the
accumulation of textual data resources in urban
transportation is limited, particularly in the form of
open-source corpora. This constrains LLMs’ ability to
acquire a deep understanding of domain-specific
terminology, standards, and regulatory evolution. For
example, transportation planning must adhere to the latest
urban planning, ecological protection, and public safety
regulations. However, due to incomplete knowledge
coverage, LLMs often fail to provide accurate or compliant
content.

2) Insufficient integration with domain knowledge graphs.
Urban transportation involves complex scenarios requiring
the comprehension and analysis of multidimensional spatial
semantics. Without integration with knowledge graphs,
LLMs are unable to capture the underlying logic of
decision-making in the transportation domain, and thus lack
reasoning capabilities for business-specific tasks. For
instance, when prompted with “assess traffic congestion
during heavy rainfall and propose mitigation strategies,” an
LLM may fail to generate logically coherent content because
it cannot recognize the causal chain linking rainfall —
reduced road capacity — congestion.

3) Lack of integration with transportation-specific models.
Even if LLMs can identify domain-specific problems and
analyze their underlying logic, they remain incapable of
conducting effective quantitative decision-making. For
example, when asked to “predict and optimize traffic volume
distribution for the next peak period based on current
congestion and weather conditions,” LLMs cannot
dynamically invoke professional tools such as traffic flow
models, meteorological forecasting models, and signal
control models for simulation and strategy evaluation. As a
result, it cannot provide optimized schemes for specific road
segments, time periods, or signal timings, thereby limiting its
practical utility.
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4) Insufficient capacity for executing complex domain
tasks. Although knowledge-based QA technologies have
been widely applied across multiple domains, their
application in tasks such as planning scheme evaluation and
automated industry report generation remains at an
exploratory stage. In particular, during transportation
planning processes that require soliciting opinions from
multiple stakeholders, unresolved challenges include: how to
simulate and interpret the diverse perspectives and behavioral
patterns of different participants, and how to conduct
iterative, multi-round evaluation and feedback for complex
tasks. Addressing these challenges requires the design of a
scientifically grounded and rational system of evaluation
metrics.

2.2 Decision-making paradigms and decision
support systems integrating LL.Ms

For professionals in the urban transportation sector,
scientifically understanding transportation dynamics and
formulating feasible solutions to practical problems are of
paramount importance. Urban transportation is a typical
interdisciplinary domain involving sociology, economics,
management, and engineering, where decision-making must
balance diverse and often competing interests. Quantitative
decision analysis methods are therefore critical to advancing
decision-making toward greater scientific rigor and
refinement. In practice, quantitative models for decision
support are widely applied in transportation planning and
governance, including tasks such as problem diagnosis,
feature analysis, and scheme evaluation %, With China’s
urbanization entering a new stage of ecological civilization,
the connotation and extension of urban transportation have
undergone a profound transformation. Urban transportation is
shifting from serving as a pioneer of urban development to
acting as a catalyst for spatial organization. This shift poses
new challenges for supporting coordinated development and
refined governance in the context of high-quality
development. Against this backdrop, the complexity of urban
transportation decision-making is increasing. How to
rationally apply digital and intelligent technologies to
enhance the scientific, refined, and intelligent nature of
decision-making has become a focal issue in the field.

Since the concept was introduced in the 1970s %1, decision
support systems (DSSs) have been widely applied across
industries. Based on their driving elements, the evolution of
DSSs can be divided into four stages: experience-driven,
model-driven, data-driven, and Al-driven (see Tab. 1). In the
experience-driven stage, decisions largely depended on the
expertise of decision-makers, supplemented by relevant cases
and rules “!1. The model-driven stage reduced reliance on
personal experience by incorporating models and simulations
for quantitative evaluation of strategies or plans. The
data-driven stage emphasized integrating data analysis into
the decision-making process [, focusing on generating
evidence for decision-making and promoting evidence-based
decision analysis. The Al-driven stage leverages the strengths
of LLMs in human-computer interaction, knowledge
reasoning, and model integration, thereby further improving
the effectiveness of decision support.

Tab.1 Development stages of the decision support system

Experience-based

. Subjective experierice +
judgment

limited cases

Experience + rules Supported by case libraries and rule bases

Qualitative judgment + 'l'he\)ret_ltal modelsf

Model-driven  Stbjective experience +

; i e s Big data analytics +
Data-driven Evidence-based analysis Analytics SRl bisad ket

Evidence-based analysis +

: Supported by large models and other
human-machine interaction

Knowledge reasoning 5
Al technologies

Al-driven

The integration of LLMs into decision support systems
brings notable changes and improvements in both
decision-making paradigms and system performance (see
Fig. 4).

1) Decision-making paradigms. LLMs’ capabilities in
complex context understanding, reasoning, and solution
generation can significantly reduce the workload of decision
analysts. The current decision-making paradigm is structured
as a three-tier chain: “decision-maker — decision analyst —
decision object.” With the incorporation of LLMs, simpler
and more procedural decision tasks can be directly handled
through human-model interaction. For more complex
problems, the three-tier paradigm remains applicable, but
LLMs can effectively augment the work of decision analysts.
Consequently, the decision-making paradigm evolves from a
three-tier to a “two-and-a-half-tier” structure. As LLMs are
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Fig. 4 The position of large language models in decision support systems
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progressively optimized through internal and external
enhancements, they can gradually assume roles as
co-creators, executors, feedback providers, and evaluators of
decision information, thereby greatly improving the capacity
and efficiency of decision support.

2) Decision support system architecture. Compared with
traditional DSSs built on databases, case libraries, model
repositories, and task libraries, the integration of LLMs
substantially  enhances system performance: Data
Enhancement: Incorporating large volumes of textual data
compensates for the limitations of traditional relational
databases. By curating domain-specific datasets, LLMs help
construct foundational knowledge resources for urban
transportation.  Knowledge  Enhancement:  Building
knowledge graphs  structures domain  knowledge
systematically. Supported by internal and external knowledge
bases, LLMs can broaden retrieval coverage and improve the
relevance of generated content. Model Enhancement: By
integrating professional transportation models, LLMs
strengthen their ability to understand, execute, and provide
feedback in domain-specific scenarios. Task Enhancement:
LLMs can employ chain-of-thought reasoning to decompose
complex tasks into subproblems, guiding step-by-step

coordination, these agents iteratively enhance the
interpretability and trustworthiness of decision outcomes.

2.3 System architecture of the knowledge-
enhanced LLM for urban transportation

The system architecture of the knowledge-enhanced LLM
for urban transportation (TransKG-LLM) is shown in Fig. 5.
The successful deployment of LLMs in urban transportation
hinges on effective data utilization, information retrieval, and
improved reasoning, together with the integration of
professional models and real-time tools to form
productivity-enhancing agents. On the data side, the focus is
on processing textual data and fusing it with existing
structured data. On the knowledge side, building on prior
knowledge-graph work and combining knowledge
representation and evaluation enables generation of
trustworthy and interpretable results. Model enhancement
emphasizes the fusion of LLMs with existing industry
models. Task enhancement centers on agent design and
coordination for scenario-specific problems.

1) Data enhancement.

Curate and organize multidisciplinary, multi-scenario
textual data within the domain.

reasoning that improves both the accuracy and (i) Data collection: Gather textual sources such as
interpretability of decisions. Moreover, LLM-based standards and specifications, industry reports, scientific
multi-agent systems can simulate real-world multi- literature, survey reports, and social media in urban
stakeholder decision processes. Through dialogue-based  transportation.
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Fig. 5 System architecture of knowledge-enhanced LLM in urban transportation domain
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(i1) Empirical analysis: For major transportation problems,
screen and assess materials using empirical methods to
ensure accuracy and reliability.

(ii1) Instruction-set construction: Using supervised
learning, create instruction-labeled text pairs (high-quality
questions and expected responses) to support subsequent
training of LLMs for the urban transportation domain.

2) Knowledge enhancement.

Use an urban-transportation knowledge graph to
systematically organize entities and their complex
relationships, employing a structured semantic network to
make the generation process controllable and the outputs
trustworthy.

(1) Offline text processing: Segment large-scale textual
data and generate text embeddings; store segments and
indices in a vector database to enable efficient
vector-similarity retrieval. In parallel, perform named entity
recognition and relation extraction; align and complete
extracted triples to improve the completeness of the
knowledge graph.

(ii) Online RAG: Upon receiving a user query, generate a
query-specific subgraph from the knowledge graph and
conduct vector-similarity retrieval. Perform topic-aware
pre-selection and re-ranking to increase retrieval hit rate and
the relevance of generated text, and finally return
LLM-generated responses to the user.

3) Model enhancement.

Fuse domain-specific LLMs with transportation
professional models to augment domain expertise on top of
generalization capabilities.

(i) Static management of transportation models: Specify
key metadata (e.g., primary functions, interface parameters),
adapt interfaces to ensure interoperability, and manage/query
services via a unified registry. Derive prompt templates from
model parameters to guide LLM invocation.

(i) Dynamic interaction with transportation models:
Based on user needs, produce an initial response plan and
identify required internal/external resources; route requests to
external transportation models to complete scenario-specific
tasks; rigorously evaluate model outputs and have the LLM
render human-interpretable results.

4) Task enhancement.

Implement a multi-agent coordination framework
enabling information exchange and task linkage among
agents, thereby supporting agile governance in urban
transportation.

(1) Define task objectives: Analyze application scenarios
and business requirements to specify the problems to be
solved and goals to be achieved, guiding agent creation and
task orchestration.

(il)) Create agents and orchestrate tasks: Design
role-differentiated agents according to scenario tasks and
LLM capability boundaries; allocate tasks and resources to
ensure efficient collaboration and completion of complex
tasks.

(iii)  Iterative evaluation: Continuously optimize
collaborative execution; after each iteration, evaluate against
predefined rules to determine the extent to which the desired
conditions have been met.

3 Application exploration

Based on the above technical pathway and prior large-
scale knowledge-graph development, this study explores
prompt engineering, RAG, model fusion, and agent
technologies to propose a construction method for a
knowledge-enhanced LLM in urban transportation. Practical
explorations are conducted along four dimensions: data
enhancement, knowledge enhancement, model enhancement,
and task enhancement. (i) Data enhancement: construct a
knowledge graph for the urban transportation domain by
integrating textual data to strengthen data-fusion capabilities.
(i1) Knowledge enhancement: implement domain knowledge
QA by integrating a knowledge graph with a general-purpose
LLM to improve domain understanding. (iii) Model
enhancement: develop an large-small model integration—
based urban travel-planning assistant to strengthen problem
identification and prediction. (iv) Task enhancement: build a
multi-agent teaching assistant to improve instructional
efficiency and effectiveness. In addition, we further analyze
the development difficulty of domain LLM applications
across scenarios (see Fig. 6), with the aim of informing the
intelligent transformation of the urban transportation sector.

) Data enhancement (D)
— Data Knowledge Report Smart
() Knowledge enhancement (K) fusion (D) quiz (K) generation (T)| | govemance (T)
() Model enhancement (M)
@ Task enhancement (T) Graph sig,l,l R = Co-programming
- construction nitr St
) Other (0) D) control (M) planning (T) @
Assisted Document Model Process
Q&A (0) generation (K) fusion (M) optimization (T}
Difficulty
Low Lower Moderate Higher High

Fig. 6 Comparison of application scenarios and development
challenges for LLM in urban transportation domain

3.1 Data enhancement: constructing a knowledge
graph for urban transportation via multi-source
data fusion

Multi-source data fusion is key to breaking data silos and
unlocking data value. Knowledge graphs, with strong
capabilities for knowledge organization and representation,
offer a new technical pathway for data fusion in urban
transportation. The technical workflow comprises ontology
design, knowledge extraction, knowledge fusion, and
knowledge reasoning (see Fig. 7).

(1) Ontology design: as the core structure of a knowledge
graph, the ontology defines basic domain concepts and
entities, typically including hierarchical design, attribute
design, and relation design.
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Fig. 7 Construction of knowledge graphs in urban transportation
domain

(i1) Knowledge extraction: extract entities, relations, and
attributes from unstructured or semi-structured texts (e.g.,
infrastructure, built environment, passenger travel, and
transport operations).

(i) Knowledge fusion: align and map knowledge
extracted from different sources to form a unified,
high-quality knowledge system.

(iv) Knowledge reasoning: apply rule-based inference to
support diverse intelligent decision-making tasks with
accuracy and interpretability.

We collected and curated transportation-domain texts,
linking urban transportation scenario information on the basis
of disciplinary knowledge. Sources included standards and
specifications, industry reports, scientific literature, social
media, disciplinary textbooks, and proposals submitted by
National People’s Congress deputies. Following a top-level
— domain — task methodology, we designed the ontology
for the urban transportation knowledge graph. Using LLMs
and rule-learning methods, we achieved intelligent extraction

and fusion of textual data. Through knowledge extraction and

fusion, we constructed a domain knowledge graph
encompassing tens of thousands of entities. While
consolidating core knowledge elements in urban

transportation, this graph also provides the foundational
knowledge base for research and practice with domain
LLMs.

3.2 Knowledge enhancement: domain knowledge
QA by integrating a knowledge graph with a
general-purpose LLM

Knowledge enhancement systematically organizes and
presents complex relationships among entities in the domain
via a knowledge graph, employing a structured semantic
network to make the generation process controllable and the
outputs trustworthy. To address the challenge of mitigating
“hallucinations” when applying general-purpose LLMs in
domain settings, we build a knowledge-graph—integrated QA
system that combines a domain knowledge graph with a
general-purpose LLM 1, thereby serving industry QA needs
more effectively. The system comprises four components:
knowledge representation, knowledge retrieval, knowledge
output, and knowledge updating (see Fig. 8).

(i) Knowledge representation: introduce credibility labels
to ensure the reliability and authoritativeness of sources.

(i) Knowledge retrieval: leverage the LLM’s natural
language understanding to identify user intents and extract
keywords, then perform retrieval within the relevant
subgraph.

(iii) Knowledge output: include knowledge ranking
(ordering content by credibility and relevance) and
knowledge reasoning (generating content on that basis).

(iv) Knowledge updating: continuously update, correct,
and supplement the domain knowledge graph through
feedback.
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Natural language Knowledge retrieval ‘ Case study of improving road ‘ 9
39 o ity in XX Ci :
7\(% Multi-source knowledge graph ‘ guestioning IL“SJ SRR e
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Knowledge feedback update

Fig. 8 Knowledge-based question-answering systems in urban transportation domain
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To meet the scientific decision-making needs of
transportation governance, and using low-carbon travel
behavior interventions as the focal scenario, we constructed
an evidence-based knowledge graph grounded in scientific
literature [44] to enable LLMs to produce trustworthy
scientific evidence. The study proposes methods for evidence
classification and grading and supports meta-analysis.
Decision-makers and decision analysts can query the
evidence-based knowledge graph, tailored to specific
contexts and objectives and taking city-specific
characteristics into account to obtain evidence, including
candidate evidence, evidence grades, and associated
attributes (see Fig. 9). Building on this foundation, and
leveraging an LLM-based QA system, decision-makers or
analysts can pose queries targeted to particular experimental
settings and populations, thereby rapidly and effectively
retrieving credible scientific evidence.

3.3 Model enhancement: an intelligent assistant for
urban travel planning

Model enhancement builds on the generalization
capability of LLMs by embedding the domain knowledge and
business understanding of small models, enabling LLMs to
analyze and act within specific transportation scenarios.
Using travel-characteristics analysis in transportation
planning as an example, this study employs an
LLM-small-model fusion approach to develop an intelligent
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assistant for urban travel planning (see Fig. 10). Its main
components are:

1) Database. Serving as the center for information storage
and processing, it integrates large-scale urban transportation
data, including—but not limited to—road network structures,
trajectories, and travel demand.

2) Model repository. Providing the capability for
autonomous planning by the assistant, it integrates both
online and local algorithm/model libraries to automate urban
travel-planning tasks.

3) Planner. Building on domain understanding, it
decomposes complex tasks into executable subtasks and
routes them to the appropriate algorithmic services, while
continually evaluating execution and performance during
task processing.

Using the above method for a travel-behavior analysis
scenario, we constructed a database containing hundreds of
thousands of trajectory records and a model repository
comprising more than ten small models for travel-behavior
analysis. With model enhancement, we achieved large-scale
spatial analysis and pattern recognition of travel behavior, as
well as small-scale mode-choice prediction and trajectory
prediction. Based on this repository, we tested mainstream
open-source and closed-source models. Under the proposed
model enhancement approach, with prompting, the hit rates
of small-parameter models exceeded 80%; without
prompting, mainstream large-parameter LLMs also achieved
hit rates above 80% (see Tab. 2).
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Fig. 9 Question and answer system for evidence-based decision- making of low-carbon travel behavior interventions
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Tab.2 Results of knowledge enhanced LLM %

Model type Model name
Without prompt With prompt
qwen2-7b 30 80
Open-source qwen2-57b 60 90
qwen2-72b 98 99
gpt-4 90 95
gpt-3.5 80 90
Closed-source
qwen-max 80 95
chatglm-4 95 99

3.4 task enhancement: a multi-agent intelligent
teaching assistant

Task enhancement is task-oriented: through a multi-agent
collaboration framework built on LLMs, it enables
information exchange and task linkage among multiple
agents to solve domain-specific problems. Using a
transportation engineering course as a case, we design
teaching and assessment agents and their coordination
mechanisms, and develop a course intelligent teaching
assistant (see Fig. 11), comprising:

1) Course knowledge-graph construction. Perform
knowledge extraction, fusion, storage, and evaluation over
teaching resources such as textbooks, slides, exercises, and
exam papers.

2) Teaching agent. Consists of three modules—navigation,
Q&A, and feedback. The navigation module leverages the
knowledge graph and LLMs to generate customizable study
syllabi; the Q&A module uses natural language processing to
answer students’ questions in real time; the feedback module
produces personalized learning reports to improve
assessment of learning outcomes.

3) Assessment agent. Comprises item generation, grading,
and scoring modules. The item-generation module

automatically creates questions using the knowledge graph
and item-bank data; the grading module combines OCR with
natural language processing for automatic marking and
evaluation; the scoring module assesses performance using a
multidimensional scoring framework.

Using this method, we tested the system with a
university’s final examination in transportation engineering.
Taking Q&A items on professional knowledge points as the
test set, we compared the results of the knowledge-enhanced
LLM with those of a general-purpose LLM. The experiments
show that knowledge enhancement effectively mitigates
hallucinations and improves stability and accuracy in
professional knowledge understanding, fine-grained detail
recognition, and numerical computation. Tab. 3 reports the
exam evaluation results: the knowledge-enhanced LLM
achieved significant gains in accuracy across all question
types, outperforming the general-purpose LLM. For
example, in Q&A concerning traffic capacity categories and
their ordering, the knowledge-enhanced LLM correctly
distinguished theoretical, actual, and design capacities and
their relative magnitudes, whereas the general-purpose LLM
provided only generic responses; and for yellow interval
(amber) time calculations, the knowledge-enhanced LLM
produced correct computations, while the general-purpose
LLM did not.

Tab. 3 Evaluation results of the final examination paper of
transportation engineering in a university

Score of the
knowledge-cnhanced LLM

Score of the
general-purpose LLM

Question type

Maximum score

True/false questions 10 8 7
Multiple-choice questions 30 24 16
Short-answer questions 30 30 22
Calculation problems 30 18 13
Total score 100 80 58
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Fig. 11 Schematic diagram of intelligent teaching assistant
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4 Conclusions

As a major branch of Al, LLMs exhibit broad application
prospects in urban transportation. Their capabilities in
semantic understanding, text generation, and logical
reasoning provide robust support for management and
decision-making in this sector. From a technical-pathway
perspective, an external optimization approach—Ileveraging
open-source general-purpose LLMs and constructing corpora
and knowledge graphs from existing disciplinary knowledge,
scientific literature, and industry reports, while exploring
prompt engineering, RAG, model fusion, and agent-based
methods—offers a pragmatic route for advancing LLM
applications in urban transportation. However, despite
substantial accumulations of structured data and quantitative
analysis models, research remains limited in industry
knowledge-graph construction, LLM—industry-model fusion,
and agent design. These gaps hinder the effective alignment
between the generalization capacity of LLMs and
domain-specific specialization needs. Looking ahead, it is
necessary to refine knowledge graphs and knowledge-
enhanced LLMs for concrete application scenarios and,
through industry—academia—research collaboration, to build
an open-source ecosystem for LLMs in urban transportation.
Such efforts will enhance the scientific rigor, refinement, and
intelligence of governance capabilities in the field.
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