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Sup. SMT (Europarl-Moses) 30.61 30.82 20.83 16.60

Sup. NMT (Transformer) - 41.8 - 28.4

- Languages: French-English, German-English

- Training: WMT-14 News Crawl

- Evaluation: WMT-14 newstest (tok. BLEU)
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Conclusions

Unsupervised machine translation
- Map independently learned embeddings to a cross-lingual space
- Generalize from word level to sentence level translation (NMT/SMT)

Strong results
- Gap with supervised SMT (Europarl Moses) down to 2-5 BLEU
- See also Lample et al. (2018a,b)

Future work
- Semi-supervised with small parallel corpora
- SMT/NMT hybridization



Thank you!


