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Abstract; The promotion of large language models ( LLMs) in transportation was further
discussed. Their great potentials were demonstrated in improving traffic management and
control, enhancing traffic safety, and advancing autonomous driving. The basic concepts and
development of LLMs, large vision models, and large multimodal models were systematically

expounded. Some LLMs in transportation were summarized in terms of their structures and
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training methods. The major applications of LLLMs in transportation were discussed, such as
traffic management and control, traffic safety, and autonomous driving. Research results show
that, when it comes to traffic management and control, issues such as traffic signal control and
New

possibilities are also brought for urban traffic management. Traffic congestion and environmental

traffic state prediction can be significantly addressed by the application of LLMs.

pollution are both reduced. As for traffic safety, compared with previous models, LLMs
application significantly improve the ability to analyze and predict traffic accidents. Through deep
learning of historical accident data, the models can identify those areas and time periods with a
high incidence of accidents. Consequently, preventive measures can be taken to improve the
traffic safety index. In the field of autonomous driving, the shift from traditional models to
multimodal autonomous driving models can not only enhance the abilities of decision-making and
environmental adaptation, but also provide users with a safer and more comfortable driving
experience. The potential and value of LLMs in transportation are explored. Besides, practical
suggestions are also offered to create a more intelligent and efficient transportation system, such
as reducing the computational cost of LLLMs in transportation and improving the real-time
performance and reliability of models.

Keywords: intelligent transportation; general large model; LLMs in transportation; traffic
safety; autonomous driving
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Fig.4 Overall architecture of UrbanGPT model
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Fig. 6 Applications of LLMs in traffic management and control
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Table 2 Common datasets in transportation
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https://btsd. ethz. ch/shareddata/

Bosch Small Traffic

Lights Dataset!""!

BLE 13 427 N BER N 1 280 BT X720 RFE MGG IR T2
2.4 T TR R B4 200 A5 54T . o T R A4 20 AR S AT B0 3l S L
Be A 2807 5 4T 19 M AR A

https://hci. iwr. uni-heidelberg. de/
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Fig. 7 Applications of LLMs in traffic safety
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