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Abstract: [Objective/Significance] The educational knowledge graph plays a crucial role in helping learners understand the
structure of knowledge and plan learning paths. However, its construction faces technical challenges such as Named Entity

Recognition (NER) and Relation Extraction (RE). This study proposes a framework that combines Large Language Models

ESWHE TEESHUEFSSFHE AT RS R L AR ERE A A SRR AT AR5 (22SZH0305) 5 2 FEE
BRI A T SECETE R OE S BOR FTRE A HEE A A RS FR b (R FRFSE " (2024-AFCEC-219) .
BT KA (1989-) , il EEH, Wid:, I, 25T i /A 51288, E-mail: livjieping@nsu.edu.cn; E &% (1981-) ,
M, BIEdZ, EETT AL S A RE RS

SIRtEE XA, Ja . ST ORI S A SR A R s o i A R LA S BRI (0], 1R TR | 2026, 12(1): 29-39.

TECHNOLOGY INTELLIGENCE ENGINEERING
2026 F 55125 -F 11



=gt s, 0 INTELLIGENCE TECHNOLOGY

(LLMs) and Hybrid Retrieval-Augmented Generation (Hybrid RAG) technology, aiming to optimize the construction of the

doi:10.3772/j.issn.2095-915x.2026.01.003

educational knowledge graph and intelligent question answering. [Methods/Processes] This framework integrates multi-source
educational data in accordance with the Outcome-Based Education (OBE) paradigm. Through fine-tuning the LLM, it achieves
significant performance improvements in both NER and RE tasks. Additionally, the Hybrid RAG technology further enhances the
accuracy of the question answering system. [Results/Conclusions] Firstly, a new perspective for constructing knowledge graphs
based on the OBE is proposed; secondly, the development of the Text2RDF dataset, which enhances the performance of LLM in
NER and RE tasks; and finally, the integration of the advantages of Vector RAG and Graph RAG, which improves the model’s
performance in fact retrieval, multi-hop reasoning, and information integration. Experimental results show that the model fine-
tuned with LoRA significantly increases the F1 score in NER and RE tasks, and Hybrid RAG demonstrates higher accuracy in
various question answering scenarios.
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