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Introduction

This project aims to to provide unsupervised algorithms to
extract information from low-resource languages. Current
natural language processors are predominantly supervised
machine learning systems that exploit vast amount of text data
available to train models. These methods are remarkably
accurate on languages that have sufficient training data, such

as English.

There is insufficient human-annotated data to train models
with high accuracy for many languages, and construction of
properly annotated data through human translation is costly
and takes years. Lack of “big data”, therefore, has become

barrier for processing most languages.

Using universal linguistic properties in an unsupervised fashion,
it is possible to derive information and linguistic structures
from such low-resource languages,. The linguistic information
we focused on to extract is part of speech (POS) tags, such as
nouns and verbs, classification of words based on syntactic

functions.

Test Languages

We have tested the models primarily on English and Korean,
mainly due to their differences in linguistic structures. For
instance, while English is heavily dependent on prepositions,

Korean depends on suffixes to enhance meaning.
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N-Gram POS Tagger

The n-gram tagging is a semi-supervised Markov model approach that
focuses on the context of a word; maximizing probability a tag

appearing given the previous tags/l!:

PTIWIP(W) = p(to) | [ pCtiltis, tia)pwile:)

Using a small number of “seed” words, we generated a set of
assignments to train the model. For unknown words, we used

orthographic features, such as periods, hyphens, and suffixes.
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Conditional Random Fields

The CRF learns weights of various feature functions f; across sentences of

training data to maximize the probability of labels given the datal?!:

exp(Q; X Aifi(Gw, ti, tiq, ti—2))
Z(w)

P(tlw,A) =
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Conclusion

Based on low rates on Korean, limited seed selection seems to be inadequate
for languages that do not have many standalone function words, such as
determiners “the” and “a” which are frequent in English. Similarly, affix
dependence causes a high type/token ratio in the data, weakening usefulness
and accuracy of distributional information.

The contextual linguistic properties are not universal enough; systems that
emphasize generality over locality by exploiting entire sentences instead of
immediate context may capture more information.

Comparing supervised methods, weighting seems to be effective. Iterative
models that can selectively eliminate or emphasize features after

determining some properties may further improve accuracy.




