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Key Technologies and Future Development Directions of Large
Language Models: Insights From ChatGPT

Xuebo Liu Baotian Hu Kehai Chen Min Zhang”

Institute of Com puting and Intelligence, Harbin Institute of Technology ., Shenzhen 518055

Abstract Large pre-trained models, also known as “foundation models” or “large models”, are the core
technical support for generative artificial intelligence models, and have become a key focus in global
technological competition. This paper summarizes the current status and development trends of large model
technology represented by ChatGPT. The main challenges faced by large model research are explored from
five aspects: the foundation of large models, alignment of large models with human preferences, large
model inference and evaluation, multimodal large models, and safety and control of large models. Based on
the characteristics of China’s Al field, the potential key development directions for the large model field in

the future are also analyzed.
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