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2
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1en(TF—>E(TE—>F(E)))>

len(E)
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Translation

non-parallel - Synthetic parallel corpus varie & Fujita, arxiv'18; Artetxe et al,, ACL’19)

- Basic: word-for-word translation using cross-lingual word embeddings

- Better: Unsupervised statistical machine translation

- - Neural approach
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Supervised  Original transformer (vaswani et al., NIPS'17)* - 41.0 - 28.4
Large scale back-translation (Edunov et al., EMNLP’18) - 43.8 - 33.8

*Tokenized BLEU (about 1-2 points higher)
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Unsupervised machine translation is a reality!

- General recipe: back-translation + smart initialization
- Align monolingual representations
- Generalize from word level to sentence level translation

Strong results
- Competitive with supervised SOTA from 6 years ago
- ...in just 2-3 years!

What's next?
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