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Abstract: Emergency management requires timely and verifiable answers for practitioners and the public. We develop a Retrieval—
Augmented Generation (RAG) question—answering system grounded in authoritative regulations, guidelines, and incident reports,
and adapt Chinese large language models via Parameter—Efficient Fine-Tuning (PEFT) including LoRA/DoRA. The retrieval layer
integrates sparse inverted indexes, dense vector search, and a knowledge graph with time —aware reranking and sentence —level
citations, while the generation layer uniformly supports Baichuan - 13B, ChatGLM3-6B, and LLaMA2-13B. A reproducible
protocol is adopted, including frozen indexes, source/version tracking, and fixed random seeds. On the held-out set, compared
with a non—-RAG baseline, Baichuan-13B improves BLEU-4 from 9. 86 to 35. 38, ROUGE-1/ROUGE-L from 32. 38/24. 67 to
59.52/52.79, and reduces P95 latency from 110. 38 s to 60. 99 s; ChatGLM3-6B achieves the best quality —efficiency trade—off
(samples/s = 6.57; steps/s =~ 0.86). These results indicate that combining PEFT with RAG transforms general—purpose LLMs
into verifiable emergency—QA assistants, delivering consistent gains in factual accuracy, terminological consistency, and response
efficiency.

Key words: emergency management; question answering system; Retrieval - Augmented Generation; Parameter—Efficient Fine—
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Fig. 1 Methodological framework for the Emergency—QA system
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Table 2 Cross—model comparison metrics
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LLaMA2 32.94 57.57 30.40 51.20 79.91 1.727 0.225
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