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Abstract: Network traffic prediction is a critical technology for ensuring network service quality, yet existing time series models struggle to in-
corporate textual descriptions of change events. This paper proposes a collaborative prediction framework that integrates large—scale time
series models and large language models to achieve change—driven dynamic network traffic forecasting. To address the sparsity of change
events and challenges in professional semantic understanding, we design a retrieval-augmented generation (RAG)—-based change impact
knowledge base. This retrieves traffic impact characteristics from historically similar changes to construct interpretable contextual prompts.
The model adopts a two—stage architecture: First, a large time series model generates baseline traffic predictions; subsequently, a large lan-
guage model performs semantic reasoning—based refinement of these predictions by incorporating both the retrieved change cases and the
current change description. Experiments on real-world network operation datasets demonstrate that our framework significantly reduces
prediction errors in change event scenarios compared to time series—only approaches.
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