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Abstract: As the scale of model parameters continues to grow, the computational resources required for model training become significantly
larger. This often leads to situations where a single computing cluster is insufficient to meet the training needs of large—scale language mod-
els. Cross—cloud joint training of large—scale language models has emerged as an effective solution to addressing this challenge. In this
study, taking cross—cloud pre—training and fine—tuning of natural language processing models as examples, we introduce the main chal-
lenges and key technologies involved in cross—cloud training of large—scale language models. The specific applications, practical effects, and
future scenarios of these technologies in the cross—cloud training process are explored. These technologies will provide strong support for
intelligent applications and human—computer interaction.
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