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Abstract

As LLMs become more widely used and their scale continues to expand, currently LLMs training faces issues such as
high error rate and poor performance of checkpoint accessing. This paper reviews the strengths and weaknesses of
existing methods for optimizing checkpoint accessing performance and introduces a novel method for optimizing
checkpoint accessing performance. Based on the observation of data patterns in checkpoints, where the model weights
change between adjacent checkpoints are minimal, making them suitable for delta compression. The proposed method
implements delta compression across multiple interconnected training nodes and conducts experimental tests using real

checkpoints generated during deep learning model training. The results demonstrate that, during the model training,
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delta compression has good compression effect for most checkpoints. Furthermore, the paper introduces dynamic

intervals in delta compression to balance compression ratio and storage overhead, while also analyzing the

characteristics of momentum datas. The analysis of existing methods and the optimization of checkpoint accessing

performance offer insights for accelerating LLMs training.
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