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Research on the Construction of an Engineering Construction Code Q&A System Based on
Large Language Models and Knowledge Bases
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Abstract: This study combines the Langchain framework with the Qwen-max large model to create a construction code
question-and-answer system by incorporating a construction code knowledge base. A local construction code knowledge base
was created by integrating documents on construction codes issued by the Ministry of Housing and Urban-Rural Development
and Q&A pairs from engineering forums. The construction code local knowledge base enhances the application capability of
the Qwen-max-based construction code question-and-answer system, enabling the application of the Qwen-max model in the
field of construction code Q&A. The factual accuracy (FA) and completeness (CR) of the responses were used to evaluate the
responses of the construction code Q&A system, the Qwen-max model and the Deepseek-R1 model to the construction code
test set. The accuracy of the construction code Q&A system is significantly better than that of the Qwen-max and Deepseek-R1
models, while its completeness is slightly lower than that of Deepseek-R1 but still better than that of Qwen-max. Overall, the
construction code Q&A system outperforms the Qwen-max model and the larger-parameter Deepseek-R1 model, indicating
that retrieval-augmented generation (RAG) methods can improve the application capability of general models in the field of
construction code Q&A.

Keywords: Large language model; RAG construction standards; Q&A system; Local knowledge base
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