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Phrase-based SMT
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table

Phrase-based SMT
Log-linear model combining

- Phrase table
- Direct/inverse translation probabilities

𝝓(I𝒇|I𝒆) 𝝓(I𝒆|I𝒇)
nire iritziz in my opinion 0.54 0.63

nire iritziz in my view 0.32 0.68

nire iritziz I think 0.11 0.09

opari bat a present 0.32 0.56

opari bat one present 0.14 0.73

opari bat a gift 0.11 0.49

⁞
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- Phrase table
- Direct/inverse translation probabilities
- Direct/inverse lexical weightings

𝝓(I𝒇|I𝒆) 𝝓(I𝒆|I𝒇) 𝐥𝐞𝐱(I𝒇|I𝒆) 𝐥𝐞𝐱(I𝒆|I𝒇)
nire iritziz in my opinion 0.54 0.63 0.12 0.15

nire iritziz in my view 0.32 0.68 0.09 0.16

nire iritziz I think 0.11 0.09 0.04 0.02

opari bat a present 0.32 0.56 0.21 0.22

opari bat one present 0.14 0.73 0.18 0.32

opari bat a gift 0.11 0.49 0.11 0.13

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

- Better: Unsupervised statistical machine translation

- Denoising

- Back-translation

- Neural approach

- Statistical approach
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Unsup.

Cross-lingual embs. (Artetxe et al., ICLR’18)* 15.6 15.1 10.2 6.6
+ scaling up (Conneau & Lample, NeurIPS’19)* 29.4 29.4 - -

Deep pre-training (Conneau & Lample, NeurIPS’19)* 33.3 33.4 - -
Unsup SMT + NMT (Artetxe et al., ACL’19)* 33.5 36.2 27.0 22.5

detok. SacreBLEU 33.2 33.6 26.4 21.2

Supervised
WMT winner 35.0 35.8 29.0 20.6
Original transformer (Vaswani et al., NIPS’17)* - 41.0 - 28.4
Large scale back-translation (Edunov et al., EMNLP’18) - 43.8 - 33.8

- Languages: French-English, German-English

- Training: WMT-14 News Crawl

- Test set: WMT-14 newstest (BLEU)

*Tokenized BLEU (about 1-2 points higher)
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Conclusions
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?



Thank you!

Twitter: @artetxem
Email: artetxe@fb.com


