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Abstract

Large language models (LLMs) possess vast amounts of knowledge, yet they often lack sufficient domain-specific expertise. To effectively

integrate LLMs into business operations, it is essential to enable them to utilize domain knowledge in some capacity. Retrieval-Augmented
Generation (RAG) has emerged as a widely adopted approach to address this challenge. However, achieving a practical level of effectiveness with
RAG remains a complex task. Consequently, various methods have been proposed to enhance the effectiveness of RAG. This paper reviews the

current research trends aimed at improving RAG's effectiveness.
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