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Abstract:

We have developed two types of pre-trained models, GPT-2 and RoBERTa, that are

trained from a public corpus consisting of about 75-gigabyte texts. The models and its training

code have been released under licenses that allow for commercial use. By fine-tuning the released

models, users will be able to accomplish a variety of Japanese natural language processing tasks

with high task accuracy.
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Figure 1: The training process of GPT-2 (left) and RoBERTa (right).

Table 1: Pre-trained model configurations.

Pre-trained models Params Layers FEmb dim Epochs PPL Time
rinna/japanese-gpt2-medium  336M 24 1024 4 18 45 days
rinna/japanese-gpt2-small 110M 12 768 3 21 15 days
rinna/japanese-gpt2-xsmall 37™™ 6 512 3 28 4 days
rinna/japanese-roberta-base 110M 12 768 8 3.9 15 days
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