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Data

 Universal Dependencies version 1.2
- A collection of 37 dependency treebanks for
33 languages.

Train Test
cs, es, Ir, hi, de, it, la_itt, | la, hr, ga, he,
no, ar, pt, en, nl, da, fi, hu, fa, ta, cu,
oot, gre, et, la_proiel, el, ro, sl,
orc_proiel, bg ja_ktc, sv,
fi_ftb, id, eu, pl
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Depends on the language family
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Depends on the language family

Different family Same family
Averaged UAS over 330 pairs Averaged UAS over 46 pairs
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How to improve?

* Fancier surface similarity function

- Recurrent neural network language models capture longer context
- Dynamic programming methods are no longer available.
- We need approximate inference (sampling)!

* Relax the requirement of POS-tags

- Unavailable for a low-resource target language
- Richer lexical information would be better than POS-tags

- Cross-lingual unsupervised word embeddings (Ruder et al., 2017) would be
useful

e More efficient inference!

- Enumerating over n! permutations
- We could approximately sample from permutations (Eisner and Tromble, 2006)

e Multi-sources!
- One parser on many languages (Ammar et al. 2016, our poster tomorrow)
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