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Abstract: In the context of promoting the excellent traditional Chinese culture, the unique Salar culture in the Methodist region of
Qinghai Province has become an important part of the tourism resources in Qinghai Province. Salar architecture covers the Salar hu-
man history, politics and religious culture, but at present the construction technology of Salar architecture is gradually lost, and the
inheritance and protection of Salar architecture is urgent. As a mainstream knowledge digitization technology, the combination of

knowledge graph and Salar architecture can better protect and inherit the Salar architecture. Therefore, this paper constructs a unique
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Salar architecture dataset and ontology structure, uses the large language model LoRA fine-tuning method to extract entities and rela-

tions from Salar architecture data, and conducts comparative experiments with the classical knowledge extraction model. Compared

with ChatGPT, the F'1 values of entity extraction and relation extraction are improved by 13.37% and 16.32%. The knowledge graph

constructed by the institute can be used for knowledge recommendation, intelligent search and knowledge graph enhanced question

answering system based on RAG technology.

Key words: large language model; LoRA fine-tuning; knowledge extraction
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Table 4 Comparative experimental results

F1

Ji el 115 Presicion Recall F1 A better
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ChatGPT
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Hh—5F R
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UIE SRR 71.79% 68.29% 70.00%
B3l 85.19% 65.71% 74.19%
" SEARAHER 83.33% 81.08% 82.19%
AR ST i B
e AL 87.50% 83.33% 85.37%
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Fig. 8 Display diagram of the model in conversation scenarios before LoRA fine-tuning
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Fig. 9 Display diagram of the model in conversation scenarios after LoRA fine-tuning
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Table 5 Experiment results of Chinese table question ablation

A LiRA JHEBUTES  Presicion  Recall — F1 APt
[ISER
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S 83.33%  81.08%  82.19%
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Fig. 10 Visualization results of salar architecture knowledge graph
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