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Review of LLLM-based recommendation systems

XIE Guangming', BAI Yanbing', WU Ziang?, ZHANG Yanling®

(1. College of Engineering, Peking University, Beijing 100871, China; 2. School of Intelligence Science and Technology, University
of Science and Technology Bejing, Beijing 100083, China)

Abstract: As social networking and e-commerce platforms have grown in popularity, industrial recommendation sys-
tems have assumed an increasingly significant role in the mobile internet era. The recommendation system is imperative
for enhancing user experience, optimizing shopping experience, and promoting user growth. In the domain of recom-
mendation systems, the role of models is paramount. As computing power and data volume have increased, model struc-
tures have become increasingly complex. These models have also improved the accuracy of recommendation systems in
comparison to traditional models. Represented by GPT and DeepSeek, LLM has been demonstrated to enhance the effic-
acy of language models and catalyze the evolution of novel model training paradigms, such as prompt engineering. The
rapid advancements in large language model (LLM) capabilities, particularly in semantic understanding and content gen-
eration, are poised to transform industrial recommendation systems. This paper reviews the connections between LLM
and recommendation systems, then outlines the ways in which LLM can be integrated with industrial recommendation
systems. The objective of our work is to leverage technologies associated with LLM to enhance the efficiency and effic-
acy of recommendation models.

Keywords: recommendation system; recommendation models; LLM; prompt engineering; scaling law; visual large

model; sequential modeling; deep learning
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Generative recall using Codebook updates and variational inference to produce semantically meaningful IDs'*®!
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