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Deep Learning for NLP 5 years ago

* No Seq2Seq
* No Attention
* No large-scale QA/reading comprehension datasets

* No TensorFlow or Pytorch
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Future of Deep Learning + NLP

* Harnessing Unlabeled Data
» Back-translation and unsupervised machine translation
* Scaling up pre-training and GPT-2

* What’s next?

= Risks and social impact of NLP technology
* Future directions of research
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Why has deep learning been so successful recently?

1980s and 1990s

neural networks
/ other approaches
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Big deep learning successes

* Image Recognition:
Widely used by Google, Facebook, etc.

¢ Machine Translation: ; ; 5 -
Google translate, etc.

* Game Playing:
Atari Games, AlphaGo, and more

Big deep learning successes

* |mage Recognition:
ImageNet: 14 million examples

* Machine Translation:
WMT: Millions of sentence pairs

* Game Playing:
10s of millions of frames for Atari Al
10s of millions of self-play games for

AlphaZero
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NLP Datasets

* Even for English, most tasks have 100K or less labeled examples.

* And there is even less data available for other languages.

* There are thousands of languages, hundreds with > 1 million
native speakers

* <10% of people speak English as their first language

* Increasingly popular solution: use unlabeled data.
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Machine Translation Data

* Acquiring translations required human expertise
* Limits the size and domain of data

: ‘.V:;- : I ED
European Parliament

* Monolingual text is easier to acquire!
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Pre-Training

1. Separately Train Encoder and Decoder as Language Models

saw a big y avait  un
t t t ' ' '
t t t t 1 t
| saw a Il y avait

2. Then Train Jointly on Bilingual Data
suis étudiant <EOS>

S

| am a student <S> suis  étudiant




Pre-Training
* English -> German Results: 2+ BLEU point improvement
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Self-Training

* Problem with pre-training: no “interaction” between the two
languages

e Self-training: label unlabeled data to get noisy training examples

MT o :
| traveled to Belgium Model Je suis étudiant

: MT
I traveled to Belgium - Mo
Translation: Je suis étudiant

train




Self-Training

* Circular?
MT .t -
| traveled to Belgium Model Je suis et/udrant
o T T T T T | already
4 knew that!

I traveled to Belgium - MT Oo

Translation: Je suis étudiant

train
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Back-Translation

* Have two machine translation models going in opposite
directions (en -> fr) and (fr -> en)

en ->jr . 2 2
I traveled to Belgium Modefl Je suis étudiant

— — — — — — — — —

FEs ; fr->en
Je suis étudiant - Ly

Translation: I traveled to Belgium ;
train

* No longer circular
* Models never see “bad” translations, only bad inputs
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Large-Scale Back-Translation

* 4.5M English-German sentence pairs and 226M monolingual

sentences
Citation Model BLEU
Shazeer et al.,, 2017 Best Pre-Transformer Result 26.0
Vaswani et al., 2017 Transformer 28.4
Shaw et al, 2018 Transformer + Improved Positional 29.1
Embeddings
Edunov et al., 2018 Transformer + Back-Translation 35.0
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