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Contributions

• We decouple the trainings of the auxiliary model and the main 
model in ELECTRA-style pretraining, to enable large-scale 
pretraining with ELECTRA



Language Model Pretraining

• Two-staged training of language models
• (Pretraining) Self-supervised training on large unlabeled datasets
• (Fine-tuning) Supervised training on labelled datasets for specific 

downstream tasks
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Pretraining methods: BERT-style vs. ELECTRA-style

• BERT-style: Masked Language Modeling (MLM)
• Train the model to reconstruct masked tokens in a sequence

Encoder
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• ELECTRA-style: Replaced Token Detection (RTD)
• Train the model to detect replaced tokens in a sequence
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Pretraining methods: BERT-style vs. ELECTRA-style

Encoder

Clark et al., Electra: Pre-training text encoders as discriminators rather than generators. 2020.



• ELECTRA-style: Replaced Token Detection (RTD)
• Train the model to detect replaced tokens in a sequence
• The replaced tokens are generated by an auxiliary model (“Generator”) 

trained with MLM

Clark et al., Electra: Pre-training text encoders as discriminators rather than generators. 2020. 6

Pretraining methods: BERT-style vs. ELECTRA-style

EncoderAuxiliary



Advantage of ELECTRA-style Pretraining

• Training efficiency and model efficiency
• Achieve similar performance with less pretraining steps
• Achieve similar performance with a smaller model size
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• The auxiliary model is jointly trained with the main language model

Auxiliary Encoder

Difficulty in Scaling up ELECTRA-style Pretraining
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Difficulty in Scaling up ELECTRA-style Pretraining

• The auxiliary model is jointly trained with the main language model
• Why difficult?
• High peak memory cost
• Wasted computation on the auxiliary model
• Sensitive to the balance between optimizations of the auxiliary model and 

main model
• Unstable training
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Fast-ELECTRA

• Decouple the trainings of the auxiliary model and main model
1. Train the auxiliary model, or use an existing language model
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Auxiliary
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Fast-ELECTRA

• Decouple the trainings of the auxiliary model and main model
1. Train the auxiliary model, or use an existing language model
2. Train the main model
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Auxiliary Encoder
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Fast-ELECTRA

• Decouple the trainings of the auxiliary model and main model
• Construct a learning curriculum for the main model by “simulated 

annealing”
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Fast-ELECTRA reduces the peak memory
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• The auxiliary model is only used for inference when training the 
main model



• The auxiliary model only needs to be trained for once

Fast-ELECTRA avoids wasted computation
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• Less sensitive to the choice of the auxiliary model size
• Less sensitive to the learning curriculum

Fast-ELECTRA is less sensitive to hyperparameters
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• Fast-ELECTRA now supports larger learning rates without training 
divergence

Fast-ELECTRA is more stable in training
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Fast-ELECTRA is as effective
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