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Continuous Pseudo-Labeling: Simple and Efficient
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Dependence on Pre-Training Steps

Unlabeled Data

‘ ))) , PLs

10h of labeled data
30 ..................................................................................

Ny’

Pseudo-labeling

225 ..................................................................................

Pre-training

Word Error Rate %
~ .
(@)} (@)}

o

B 1ok W 20k I 40k



Dependence on Pre-Training Steps

Unlabeled Data

‘ ))) , PLs

10h of labeled data

Ny’

Pre-training Pseudo-labeling

Word Error Rate %
o

Long pre-training — worse performance (overfit)

10k 1N 20k [ 40k



Dependence on Pre-Training Steps

Unlabeled Data
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Controlling Cache by PL Evolution
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PL from Start is Stable and Matches Pre-Training
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Conclusions

- Pseudo-labeling is a simple and effective technique
- Pre-training on labeled data is not necessary for continuous pseudo-labeling
- Ingredients to stabilize training

- Controlling dynamically when and how we update pseudo-labels

- Sampling transcriptions with an evolving temperature parameter

- Training from the start improves results in low supervision setting while matches
in standard setting
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