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What ELECTRA can do:
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1. MLM
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2. Replaced Token Detection

Masking Schem:

Typically k = ⌈0.15n⌉, i.e., 15% of the tokens are masked out. 
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2. Replaced Token Detection

Output:
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2. Replaced Token Detection

Joint training
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3. Differences with GAN

1. If the generator happens to generate the correct token, that token is considered 
REAL instead of FAKE.

2. The generator is trained with MML rather than adversairal training. (Sampling)

3. Input of the generator is not a noise vector.
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1. Model extension

1. After pre-training, throw out the generator and fine-tune the discriminator 
on downstream tasks. 

2. Sharing weights between the generator and discriminator
83.6 for no weight sharing, 84.3 for sharing embeddings,
84.4 for sharing all weights

3. Models work best with generators 1/4-1/2 the hidden size of the discriminator. 
Speculation: having too strong of a generator may pose a too-challenging 
task for the discriminator, preventing it from learning as effectively 

4. Joint training better than two stages training/adversarial training:
Train only the generator for n steps, then initialize the discriminator 
with the weights of the generator. Then train the discriminator for n 
steps keeping the generator’s weight forzen.
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1. Model extension
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2. Small Models Results
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3. Large Models Results
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3. Large Models Results



PAGE  16

4. Efficiency Analysis
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Thanks for your attention!

Q&A


