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ABSTRACT

In this work, we present the work that has been carried on in the
MT4All CEF project and the resources that it has generated by
leveraging recent research carried out in the field of unsupervised
learning. In the course of the project, 18 monolingual corpora for
specific domains and languages have been collected, and 12 bilingual
dictionaries and translation models have been generated. As part of
the research, the unsupervised MT methodology based only on
monolingual corpora [3] has been tested on a variety of languages and
domains. Results show that in specialised domains, when there is
enough monolingual in-domain data, unsupervised results are
comparable to those of general domain supervised translation, and
that, at any rate, unsupervised techniques can be used to boost results

whenever very little data is available.

IN LOW-RESOURCE SCENARIOS,
UNSUPERVISED MACHINE TRANSLATION TENDS TO
YIELD POOR RESULTS, EXCEPT WHEN THE AMOUNT
OF IN-DOMAIN MONOLINGUAL DATA IS BIG ENOUGH.

MOTIVATION

e Parallel data is not always available, specially for low-resource languages.

Few open-source systems for low-resource scenarios, using supervised

techniques. [6]

e Unsupervised Machine Translation (MT) has achieved impressive results.
12, 3, 4]

e Unsupervised methods [2] use standard benchmarks for comparison, with

high-resource language pairs.

e Expansion of unsupervised techniques [2] to further domains and

languages.

METHOD AND RESOURCES
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e The unsupervised models do not achieve parity with the supervised model.

e Factors to take into account:

o the size of in-domain corpora
o the size of general corpora
o the distance from English

o the level of complexity

e The BPE segmentation boosts the results.

CONCLUSIONS

e In low-resource scenarios, completely unsupervised

systems tend to yield poor results, except when the

amount of in-domain monolingual data is big enough

to compensate.

e Human evaluation is necessary, better than automatic

metrics, to capture the output of an MT system.

e In real-world scenarios, there is always some access to

parallel data or it can be created synthetically by

triangulation or other methods.

COMPLETELY

Our contributions:
e Release of 18 monolingual corpora
e Release of bilingual dictionaries, word

embeddings and translation models.
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