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A Study on Improvement of Generalizability of Replaced Token
Detection Pre-Training Using Masked Language Modeling
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Abstract. ELECTRA is a learning method that combines similar sentence generation by generator based on masked language
modeling (MLM) and replaced token detection (RTD) by discriminator. It has been reported that ELECTRA can learn the same
level of accuracy faster than existing pre-training methods such as BERT. But we observed an event in which the accuracy of
ELECTRA was not high in the Japanese benchmark. We hypothesized one cause for this; because RTD solves the simple two-
choice problem of whether the input is rewritten or not, it reduces the generalizability of pre-training. Therefore, we tried to improve
generalization by mixing MLM which has many choices with RTD. Specifically, we propose a pre-training method that masks
generator’s output again, makes discriminator learn the masked position as MLM and the unmasked position as RTD. We verified
whether the accuracy of the pre-training model of RTD can be improved.
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