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Abstract

Traffic flow prediction is a key task in intelligent transportation systems and is of great significance
to urban planning and traffic management. Although traditional deep learning methods have im-
proved prediction accuracy, their interpretability is poor, and conventional large language models
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are difficult to capture the complex spatiotemporal dynamic characteristics of traffic flow. To this
end, this paper proposes a traffic flow prediction method (DynaSeek) based on the fine-tuning of the
DeepSeek large language model and dynamic modeling. The dynamic modeling technology and data
correction mechanism are embedded in the traffic flow prediction task, and the impact of spatiotem-
poral factors (such as region and weather) on traffic flow is quantified. The DeepSeek model is opti-
mized using the Lora fine-tuning strategy. Finally, the model is dynamically corrected by combining
historical data and real-time spatiotemporal information during prediction. The results show that the
proposed method performs better than the baseline model on the California multimodal dataset and
provides a clearer law of traffic flow changes in terms of interpretability. This paper provides a new
multi-dimensional data fusion and dynamic modeling framework for traffic flow prediction, which
significantly improves the practicality and reliability of the model.
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Figure 1. DynaSeek framework diagram
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Figure 2. Dynamic text modeling prompts for all time periods
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Table 1. Comparison results of DynaSeek model and other baseline models on CATraffic dataset
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Table 2. Comparison results of different large language models on the CATraffic dataset
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Figure 3. DynaSeek prediction results and logic
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Figure 4. KimiChat prediction results and logic
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