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PGCA-RAG:a Parallel Graph Caching Architecture for Large Language Model Retrieval-
augmented Generation
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Abstract : At present, most of the work in the field of Retrieval-Augmented Generation { RAG} of Large Language Model focuses on
improving retrieval ability to improve recall precision,as well as combining with LLM for the construction of knowledge graphs. How-
ever ,RAG systems often face high concurrency scenarios when facing real engineering tasks, and current RAG systems suffer from
slow knowledge graph data retrieval and poor system concurrency. In order to overcome these limitations , this paper proposes a parallel
graph caching architecture for large language model retrieval enhancement { PGCA-RAG),and a dynamic caching graph data model
knowledge graph cache unit{ KGCU) for large language model retrieval enhancement, which show good applicability in RAG sys-
tems,and implement a parallel caching scheduling algorithm based on VoltDB. Finally, The simulation comparison experiment results
show that compared with the existing architecture ,the architecture proposed improves the speed index of multi-round query retrieval by
82. 8% ,and at the same time,the performance in the concurrency test is significantly ahead of the others,which is a better proof of the
reasonableness and validity of the parallel graph caching architecture proposed.
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