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The Development of Information Retrieval in the Era of Large Language Model

Wayne Xin Zhao Zhicheng Dou Ji-Rong Wen"”
Gaoling School of Artificial Intelligence s Renmin University of China s Beijing 100872

Abstract Large language models (LLMs) exemplified by ChatGPT has sparked a new wave of
development in artificial intelligence technology and received widespread social attention. By exploring a
series of technical approaches (i. e., massive unsupervised pre-training, instruction tuning, and human
alignment), LLMs can effectively encode world knowledge and possess excellent language understanding
and generation ability, making it possible to solve various complex tasks via a unified model. The technical
advance of LLLMs has brought new opportunities for the development of the information retrieval (IR)
field. This article will elaborate it on two major aspects: how to enhance existing IR techniques by LLMs
and how existing IR techniques can benefit LLMs. We systematically review and summarize feasible
technical approaches to key research issues, and discuss how IR techniques would be shaped by LLMs,

which aims to better explore the development path of IR field in the era of LLMs.

Keywords large language models; information retrieval; generative retrieval
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