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ABSTRACT
The majority of natural language processing (NLP) is English language processing, and while
there is good language technology support for (standard varieties of ) English, support for Alba-
nian, Burmese, or Cebuano—and most other languages—remains limited. Being able to bridge
this digital divide is important for scientific and democratic reasons but also represents an enor-
mous growth potential. A key challenge for this to happen is learning to align basic meaning-
bearing units of different languages.

In this book, the authors survey and discuss recent and historical work on supervised
and unsupervised learning of such alignments. Specifically, the book focuses on so-called cross-
lingual word embeddings. The survey is intended to be systematic, using consistent notation and
putting the available methods on comparable form, making it easy to compare wildly different
approaches. In so doing, the authors establish previously unreported relations between these
methods and are able to present a fast-growing literature in a very compact way. Furthermore,
the authors discuss how best to evaluate cross-lingual word embedding methods and survey the
resources available for students and researchers interested in this topic.
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Preface
In recent decades, we have witnessed an increasing digital language divide, that is, large differ-
ences in what information and services are accessible to people around the world, depending on
their mother tongue. Learning cross-lingual word embeddings facilitates transfer of technolo-
gies between languages, narrowing this divide. The last five years has seen a surge in cross-lingual
word embedding algorithms, many of which lend intuitions, algorithms, and terminology from
neighboring fields, including computer vision, graph theory, and information retrieval. Since
these algorithms bring different baggage, they often seem very different at surface level. This
book surveys cross-lingual word embedding algorithms and aims to show that many of these
algorithms are, in fact, quite similar.

Thanks to our editors and anonymous reviewers for providing helpful feedback on our first
draft of this book. Its shortcomings are entirely our fault: The book is intended to be both read-
able by first-year M.Sc. students and interesting to an expert audience. Our intention is to intro-
duce what is necessary to appreciate the major challenges we face in cross-lingual NLP, without
wasting too much time on fundamentals in linguistic typology, linear algebra, graph theory, or
machine learning. In cross-lingual NLP, data is so noisy and biased that few theoretical guar-
antees can be established, and we are typically left with our gut feelings and a catalog of crazy
ideas. We hope this book will provide its readers with both.

Anders Søgaard, Ivan Vulić, Sebastian Ruder, and Manaal Faruqui
May 2019
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