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Abstract: In the face of information explosion and intricate user demands, the optimization of recommendation systems is crucial. Large lan-

guage models present a new opportunity in this regard. This paper contrasts traditional methods with recommendation systems under large lan-

guage models, aiming to clarify their advantages and limitations, and offer robust references for future R&D strategies. This study initially re-

views the evolution of traditional recommendation systems, including methods based on collaborative filtering, content, and knowledge

graphs. Subsequently, it delves into the practical applications of large language models, such as BERT and the GPT series, especially their

performance under different adjustments. Through comparative analysis, we observed notable differences between the two system paradigms in

terms of performance, user experience, system complexity, and resource consumption. The recommendation method in the traditional mode is

more suitable for scenarios with strong rules and relatively sparse and stable data, while the recommendation method under the large language

model is more suitable for scenarios that need to understand complex semantics, provide innovative solutions, and generate dynamic content.
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Fig.1 Classification system of the recommender system
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Fig.2 Overall framework of large language model recommendation system
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Fig.3 Three prompt strategy concepts in the large language model
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