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Knowledge-Enhanced Large Language Models for Urban Transportation: Modeling and Applica-
tions
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(1. Key Laboratory of Road and Traffic Engineering of Ministry of Education, Tongji University, Shanghai
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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 “halluci-
nations” in industries involving complex decision-making, and problems such as interpretability and credi-
bility are prominent. On the basis of combining current domestic and aboard research, this paper puts for-
ward 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 integra-
tion, and agent construction. A knowledge-enhanced LLM for urban transportation (TransKG-LLM) is de-
veloped. Practical explorations are conducted from four dimensions: data enhancement, knowledge en-
hancement, 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.
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Fig.7 Construction of knowledge graphs in urban transportation domain
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Fig.8 Knowledge-based question-answering systems in urban transportation domain
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Fig.10 Intelligent assistant system for urban travel planning
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Tab.2 Results of knowledge enhanced LLM %
R ZFR
qwen2-7b 30 80
TR qwen2-57b 60 90
qwen2-72b 98 99
gpt-4 90 95
gpt-3.5 80 90
FRIR
gwen-max 80 95
chatglm-4 95 99

#3 RAFRBIEARZXLSTEER

Tab.3 Evaluation results of the final examination paper of transportation

engineering in a university

L E ST
KBS

30 24 16
30 30 22
30 18 13
100 80 58
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