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• New parser(s) for low-resource languages: 

We show that parsing performance can be improved by using additional 
resources (corpora and embeddings) for other languages. 

   - Specific language combinations enable improved dependency parsing
   - Various tests conducted to evaluate different parsing scenarios (ongoing)

발표를 하는 배경: 실장님이 시킴A multilingual parsing approach with two contributions

• Building new resources: 
 

   - Two Komi-Zyrian UD corpora
   - Several multilingual word embeddings with Komi-Zyrian and North Saami

Dependency parsing for low-resource languages.

• This study presents a method for parsing low-resource languages with 
very small training corpora using multilingual word embeddings and 
annotated corpora of larger languages. 

• The study demonstrates that specific language combinations enable improved 
dependency parsing when compared to previous work, allowing for wider reuse 
of pre-existing resources when parsing low-resource languages.

발표를 하는 배경: 실장님이 시킴Graph-based parsing with multilingual feature representations

• The parser learns from many languages, with several training data sets 
including lexicalized features.

• The parser adapts multilingual embedding for low-resource languages to 
improve parsing performance.
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Figure 1: Example of differences between monolingual and multilingual approaches

발표를 하는 배경: 실장님이 시킴Building multilingual word embedding

•Finding a linear matrix that is minimizing the distance between 
embeddings: 

- Let X and Y be the source and target word embedding matrix so that xi refers 
to the ith word embedding of X and y_j refers to the jth word embedding of Y. 
And let D be a binary matrix, where Dij = 1, if x_i and y_j are aligned. Our goal 
is then to find a transformation matrix W such that Wx approximates y. This is 
done by minimizing the sum of squared errors: 
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- Let us have a bilingual word embedding for English and Komi that is projected 
by W in a single vector space model. The distance of terms that have a similar 
meaning in English and Komi would be close. 

- E.g. the cosine similarity between “dog” and “пон” is relatively high.

Let’s just assume that terms having same meaning have a same vector 
value as an example. 

Training and Results

발표를 하는 배경: 실장님이 시킴Evaluation results of Saami with 20 training sentences.

발표를 하는 배경: 실장님이 시킴Evaluation results of Komi with 10 training sentences.
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발표를 하는 배경: 실장님이 시킴

Figure 2: Example of Monolingual and Multilingual embeddings for Komi and Finnish

Evaluation results for Code-Switching data
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발표를 하는 배경: 실장님이 시킴Better resources: training data, word lists, new parser

•Earlier experiments should be repeated and refined: 
- More language pairs and combinations, more attention to minimizing 

differences in the resources used
- The SEx BiST (Semantically EXtended Bi-LSTM) parser performed 

well in the CoNLL 2018 Shared Task with North Saami 
- New comparable word lists have became available in 2018
- Larger Komi-Zyrian treebanks enable broader training and testing

- Further questions:
- Related languages

and contact languages
as resources in
low-resource scenario

- Taking better into 
account typological
and contact-induced
similarities

- Better ways to
evaluate the results
and the exact
relevance of 
different resources
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Table 1: Labeled attachment scores (LAS) and unlabeled 
attachment scores (UAS) for North Saami (sme)

Table 3: Dictionary sizes and size of bilingual word em- 
beddings generated by each dictionary.

Table above originally published as Table 2 on page 148 in:

Table 4: Labeled attachment scores (LAS) and unlabeled 
attachment scores (UAS) for Komi-Zyrian (kpv). 


