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A review of quantization methods for Large Language Models
XUE Dejun, ZHANG Qingguo, LIU Yan, SHI Qinghui, ZHAO Yifang

( Tongfang Knowledge Network Digital Technology Co., Ltd., Beijing 100192, China)

Abstract: Large language models ( LLMs ) have complex structures, many parameters and high computational cost, especially the
large demand for memory, which makes their actual deployment face many challenges. Therefore, model compression and
acceleration technology has become one of the key technologies to promote the commercial application of large language models. In
various current LLMs compression and acceleration schemes, quantization technology is one of the most important and effective
ways. Quantization is the most direct way to reduce LLMs memory consumption and improve inference speed, especially on
hardware that supports fast processing of low—bit data types ( such as INT4 ). This paper makes a comprehensive and systematic
summary and analysis of the quantization technology of LLMs, introduces the quantization categories, combs the commonly used
LLMs quantization technology in recent years and its advantages and disadvantages. The two quantization methods of quantization—
aware training and post-training quantization are mainly introduced, and points out the possible future development direction of
LLMs quantization, so as to support the future development of quantization technology.
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Table 3 Performance of partial Weight—Only Quantization Methods
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