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Review of LLLM Technology and Applications in Vertical Fields
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(1. Inspur Electronic Information Industry Co. , Ltd., Jinan 250000, China;
2. Institute of Frontier and Interdisciplinary Science in Qingdao, Shandong University,
Qingdao 266000, China)

Abstract: Large language models (LLLMs) are a type of language model composed of artificial neural networks with a
large number of parameters, which are typically trained on a vast amount of unlabeled text through self-supervised or semi-
supervised learning methods. As a core component of current generative artificial intelligence technology, LILMs exhibit well
in multiple tasks such as machine translation, question-answering systems, and dialogue generation. However, existing re-
views mostly focus on the theoretical framework and training methods of LLLMs, with relatively insufficient coverage of verti-
cal fields and limitation to specific domains. To comprehensively address the development of LLLMs in the field of natural lan-
guage processing and their impact on general tasks and industry applications, this paper systematically reviews the basic ar-
chitecture, training techniques, and development trajectory of LLLMs, comprehensively makes an analysis of their applica-
tion status in several vertical fields with broad prospects such as scientific research, medical health, smart education, and
modern agriculture, deeply discusses the challenges faced by LLLLMs in practical applications, and proposes corresponding
strategies and future research directions.
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