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Survey of Recommender Systems for Large Language Models

KA Zuming,ZHAQO Peng.ZHANG Bo and FU Xiaoning

College of Operational Support,Rocket Force University of Engineering,Xi’an 710025, China
Abstract Large language models have emerged as highly effective tools in the field of natural language processing (NLP) and
have recently garnered considerable attention in the domain of recommendation systems(RS). These models have undergone ex-
tensive training on vast datasets through self-supervised learning,achieving remarkable results in learning universal representa-
tions. With efficient transfer techniques such as fine-tuning and prompt tuning, they have the potential to significantly enhance va-
rious aspects of recommendation system performance. The crux of leveraging language models to optimize recommendation quality
lies in fully utilizing their high-quality text feature representations and extensive external knowledge bases to establish strong
connections between items and users. To gain a comprehensive and in-depth understanding of current recommendation systems
based on large language models, this paper meticulously categorizes these models into two main types:discriminative large lan-
guage models for recommendation (DLLLM4Rec) and generative large language models for recommendation (GLLLM4Rec). Fur-
thermore, the latter is subdivided into constrained generation and free generation,and a detailed summary of relevant research on
these two approaches is provide. Additionally.this paper identifies key challenges in this field and shares valuable findings.hoping
to provide researchers and practitioners with precious inspiration and insights.

Keywords Large language model. Recommender system.Natural language processing
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Application examples of LLM in various recommendation tasks in movie recommendation scenarios
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Fig. 2 Timeline of milestone in the domains of recommendation systems and language models
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Table 1 List of common datasets used in existing LLM-based recommendation methods
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K ¥
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: 2 A ' s
JF 7] 4
Steam & . X https://cseweb. ucsd. edu/ ~jmcauley/datasets. html # steam_data
e Fl 3 9 4 7 . ! Y -
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Yelp RS # A https://www. yelp. com/dataset
BYLE R JF 7] 4
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4 R L prerpap
MIND | k| https://msnews. github. io/assets/doc/ACL2020_MIND. pdf
U-NEED RS T i 1 % https://github. com/LeeeeoLiu/U-NEED
Beauty S k] https://tianchi. aliyun. com/dataset/90390/
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Fig.4 Research classification on large language models
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Table 2 Overview of representative generative recommendation methods
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