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Abstract

To address the limitations of traditional knowledge graph-based recommendation methods in het-
erogeneous knowledge fusion, local semantic mining, and complex relational modeling, a semantic-
enhanced recommendation method integrating knowledge graphs and large language models, named

SCESIH: B, A, BN AREE S R SRR ORI A0 B TR SR, 2026, 15(2): 254-
266. DOI: 10.12677/sea.2026.152024


https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2026.152024
https://doi.org/10.12677/sea.2026.152024
https://www.hanspub.org/

BRI 5

LLM-KGRec, is proposed. First, a large language model is employed to perform semantic standardiza-
tion on multi-source heterogeneous knowledge graphs, so as to unify entity expressions and rela-
tion representations. Second, local knowledge subgraphs are constructed around candidate items,
and the large language model is used to capture the deep semantic information embedded in local
structures. Furthermore, a global cross-source semantic retrieval mechanism is introduced to sup-
plement external semantic context for candidate items. Finally, interaction features, structural fea-
tures of the knowledge graph, and multi-granularity semantic features are fused to achieve recom-
mendation prediction. Experimental results on multiple public datasets show that the proposed
method outperforms baseline models in terms of NDCG@10, Recall@10, and other evaluation met-
rics, and demonstrates better robustness and generalization ability in sparse-data, cold-start, and
complex semantic scenarios.
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Figure 1. Overall framework diagram of the LLM-KGRec model
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Figure 2. Schematic diagram of semantic standardization of heterogeneous knowledge graphs
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Figure 3. Schematic diagram of deep semantic understanding of local knowledge subgraphs
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Figure 4. Shows the ablation experimental results on the MovieLens-1M dataset
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Figure 5. Ablation experimental results on the Book-Crossing dataset
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Figure 6. Parameter sensitivity analysis results of LLM-KGRec with different numbers of neighbors
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Figure 7. Parameter sensitivity analysis results of LLM-KGRec under different embedding dimensions
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