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Figure 1: The graphical illus-
tration of the proposed model
trying to generate the ¢-th tar-
get word y; given a source
sentence (z1,Z2,...,27).
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Figure 1: The graphical illus-
tration of the proposed model
trying to generate the ¢-th tar-
get word y; given a source
sentence (z1,Z2,...,27).
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tration of the proposed model
trying to generate the ¢-th tar-
get word y; given a source
sentence (z1,Z2,...,27).
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Transformer: Scaled Dot—Product Attention
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Transformer
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Figure 3: An example of the attention mechanism following long-distance dependencies in the
encoder self-attention in layer 5 of 6. Many of the attention heads attend to a distant dependency of
the verb ‘making’, completing the phrase ‘making...more difficult’. Attentions here shown only for
the word ‘making’. Different colors represent different heads. Best viewed in color.
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Pretraining based on Transformer

The neural architecture influences the type of pretraining, and natural use cases.

* Language models! What we’ve seen so far.
Decoders , ) o
* Nice to generate from; can’t condition on future words

* Examples: GPT-2, GPT-3, LaMDA

* Gets bidirectional context — can condition on future!

Encoders
* Wait, how do we pretrain them?

* Examples: BERT and its many variants, e.g. ROBERTa

T %l% : Encoder- * Good parts of decoders and encoders?
2 ‘

Decoders What’s the best way to pretrain them?
* Examples: Transformer, T5, Meena
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Pretraining Decoders

It’s natural to pretrain decoders as language models and then
use them as generators, finetuning their pg (W¢|wy..—1)!

This is helpﬂ.JI in tasks where .the outputisa Wy Wz W, Ws W
sequence with a vocabulary like that at
pretraining time!
* Dialogue (context=dialogue history)
* Summarization (context=document)

hy, ..., hy = Decoder(wy, ...,wr)
w ~Ahq_y + b Wi Wz W3z Wy Ws

) ) [Note how the linear layer has been pretrained.]
Where A, b were pretrained in the language

model!
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Generative Pretrained Transformer (GPT)(:&;

1 2018" s GPT was a big success in pretraining a
decoder!

o Transformer decoder with 12 layers.

o0 768-dimensional hidden states, 3072-dimensional
feed-forward hidden layers.

o Byte-pair encoding with 40,000 merges
o Trained on BooksCorpus: over 7000 unique books.

o Contains long spans of contiguous text, for
learning long-distance dependencies.
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Pretraining encoders

2 What pretraining objective to use?

So far, we’ve looked at language model pretraining. But encoders get bidirectional
context, so we can’t do language modeling!

Idea: replace some fraction of words in the
input with a special [MASK] token; predict
these words.

Only add loss terms from words that are
“masked out.” If X is the masked version of x,
we're learning pg (x|X). Called Masked LM.

| [M] to the [M]

[Devlin et al., 2018]
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BERT

2 Bidirectional Encoder Representations
from Transformers

Devlin et al., 2018 proposed the “Masked LM” objective, open-sourced their model as the
tensor2tensor library, and released the weights of their pretrained Transformer (BERT).

Some more details about Masked LM for BERT:

* Predict arandom 15% of (sub)word tokens. [Predict these!] went to store
* Replace input word with [MASK] 80% of the time ! ! !
» Replace input word with a random token 10% of Transformer
the time Encoder

* Leave input word unchanged 10% of the time (but | | | | |

still predict it!) | pi to the [M
* Why? Doesn’t let the model get complacent and not /p/zza /O el [ I

build strong representations of non-masked words.

(No masks are seen at fine-tuning time!)
[Replaced] [Not replaced] [Masked]
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BERT

» Unified Architecture: As shown below, there are minimal differences
between the pre-training architecture and the fine-tuned version for each
downstream task.

@ Ma; LM — \ /«”/6@"‘D StarvEnd Span\

\
G- =D G CI5D- CG=lCo)-
b o|s o 5 o o -pe-
BERT L. .....R... BERT
| [Eale]- [silem]lE]- [&] (el ] [&][Cwml[&]. [&]
g o o —— - e
 AE. CBREE. = FE. FEEE. =
Masked Sentenca A - Masked Senence B Question -~ Paragraph

\ Unlabeled Sentence A and B Pair / \\\ Question Answer Pair /

Pre-training Fine-Tuning
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{Deep learning) (f£4)
{Understanding-LSTMs)
{QUAS | -RECURRENT NEURAL NETWORKS)
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