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+ Iterative refinement 25.87 26.22 17.43 14.08

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

Sup. NMT (Transformer) - 41.8 - 28.4
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- Training: WMT-14 News Crawl

- Evaluation: WMT-14 newstest (tok. BLEU)
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Future work
- Semi-supervised with small parallel corpora
- SMT/NMT hybridization



Thank you!


