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Concept

Pretrained Deep Bidirectional Representations

Unidirectional context Bidirectional context
Build representation incrementally Words can “see themselves”
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Bidirectional Language Model

Forward LM p(ti,ta,...,tn) = | [ p(te | t1,te, ... tke1).
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Backward LM p(h,, tg, « o th) = H p(tk | tk+1? tk+2, ¢ oo ,tN).
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Previous work (ELMO)
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Previous work (GPT-1)

Improving Language Understanding by Generative Pre-Training
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Masked LM
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Next Sentence Prediction (NSP)
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Applying pre-trained model to downstream tasks

Transfer learning

Target task / ‘
domain |

Two types of transfer learning:

Storing knowledge gained solving
one problem and applyingittoa
different but related problem.

(1) Feature extraction

Knowledge

v Only update the final layer weights from which we derive predictions

(2) Fine - tuning:

v' Update all of the model’s parameters for new task



