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Abstract

Despite recent advances in natural language processing, there is still a gap

in state-of-the-art methods to address problems related to low-resource and

morphologically-rich languages. These methods are data-hungry, and due

to the scarcity of training data for low-resource and morphologically-rich

languages, developing NLP tools for them is a challenging task. Approaches

for forming cross-lingual embeddings and transferring knowledge from a rich-

to a low-resource language have emerged to overcome the lack of training

data. Although in recent years we have seen major improvements in cross-

lingual methods, these methods still have some limitations that have not

been addressed properly. An important problem is the out-of-vocabulary

word (OOV) problem, i.e., words that occur in a document being processed,

but that the model did not observe during training. The OOV problem is

more significant in the case of low-resource languages, since there is relatively

little training data available for them, and also in the case of morphologically-

rich languages, since it is very likely that we do not observe a considerable

number of their word forms in the training data. Approaches to learning
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sub-word embeddings have been proposed to address the OOV problem

in monolingual models, but most prior work has not considered sub-word

embeddings in cross-lingual models. The hypothesis of this thesis is that it

is possible to leverage sub-word information to overcome the OOV problem

in low-resource and morphologically-rich languages. This thesis presents a

novel bilingual lexicon induction task to demonstrate the effectiveness of

sub-word information in the cross-lingual space and how it can be employed

to overcome the OOV problem. Moreover, this thesis presents a novel cross-

lingual word representation method that incorporates sub-word information

during the training process to learn a better cross-lingual shared space and

also better represent OOVs in the shared space. This method is particularly

suitable for low-resource scenarios and this claim is proven through a series of

experiments on bilingual lexicon induction, monolingual word similarity, and

a downstream task, document classification. More specifically, it is shown that

this method is suitable for low-resource languages by conducting bilingual

lexicon induction on twelve low-resource and morphologically-rich languages.
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Chapter 1

Introduction

Most of the natural language processing (NLP) tools and research are focusing

on developing new NLP methods for a limited number of well-resourced

languages, such as English, French, German, and Spanish. There are around

7000 languages in the world (Bird and Chiang, 2012) and according to Alyafeai

et al. (2020) there are more than 310 languages in the world that have at least

one million native speakers. However, there has not been enough research on

these languages and not enough resources have been prepared to be utilized

in developing NLP tools for these languages. Joshi et al. (2020) introduce six

groups of languages based on the availability of their labelled and unlabelled

data and they range from languages with almost none or very little available

data, class 1 (e.g., Dahalo and Warlpiri), to well-resourced languages, class 6

(e.g., English and Spanish). Languages belonging to class 1 have more than

1 billion speakers around the world, but very little NLP research has been
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dedicated to these languages.

Low-resource languages are languages that suffer a lack or absence of annotated

data, and also do not have abundant unannotated data to be used for training

NLP methods. In order to tackle the problem of low-resource languages, first,

we should define and specify how low is considered as low-resource. This

matter differs by changing the task and the language. To give an example,

a part of speech tagger is a tool that assigns parts of speech (e.g., verb,

noun, adjective) to each word in a sentence. It can reach a satisfactory

performance by having access to a few thousand labelled tokens. However,

another task like text summarization needs at least hundreds of thousands of

labelled training instances (Alyafeai et al., 2020). It is also dependent on the

language. For instance, a language that has a fixed structure, like English

subject-verb-object, and does not have a complex morphological structure

has a more modest data requirement than a freer word order language such

as Persian, or a morphologically-rich language such as Inuktitut.

Morphemes are the smallest meaningful units of a language and cannot be

split any further. We can divide morphemes into two classes, derivational

and inflectional. Derivational morphemes are those that make a fundamen-

tal change in meaning if added to another morpheme, whereas inflectional

morphemes are those which are used to indicate grammatical information.

For example, if we consider the English word cats, this word contains two

morphemes, a root cat, and an inflectional morpheme s that indicates that

the word is plural. On the other hand if we consider the word action, this
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word also has two morphemes, a root act, and a derivational morpheme ion,

which create a new word, here a noun, out of the root.

We can also divide languages into two categories based on their use of

morphology, analytic languages and synthetic languages. Analytic languages

are those languages for which each word only has one morpheme. Purely

analytical language, referred to as isolating languages, do not use affixes, and

they instead use separate words to convey meanings and grammatical roles.

An example of an analytic language is Mandarin Chinese. English is also

an analytic language. Although English uses affixes and some words change

form based on their grammatical role (e.g., the word we changes its form to

us when it is used as an object), word order is very important and is used to

show the function of a word. For example, in the sentence the child is playing

the only indication that the child is the subject is its position in the sentence

(Dawson et al., 2016). In contrast, in synthetic languages, words are made of

several morphemes to convey a meaning or to show a particular function in a

sentence. Synthetic languages are classified into three groups: agglutinative

languages, fusional languages, and polysynthetic languages. In agglutinative

languages, morphemes can be added to each other relatively loosely and it is

easy to find the boundaries between morphemes, for example as in Hungarian.

In fusional languages, we have a similar form to agglutinative languages, and

morphemes are added together to form new meanings. However, in fusional

languages, it is not possible to draw a line between morphemes and it is not

clear where one morpheme ends and the other one starts. Spanish and Russian
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are examples of fusional languages. In polysynthetic languages, it is possible

to form very complex words by just adding many morphemes together. For

instance in Inuktitut, which is a polysynthetic language, it is possible to

convey the meaning of an English sentence by combining morphemes (Dawson

et al., 2016). Below you can see two examples, one in English and the other

one in Inuktitut.

1. English:

• act - ion

• act - N

• ‘action’

2. Inuktitut:

• tusaa - tsiaq - junnaq - nngit - tu - alu -u - junga

• to hear - well - be able to - NEG - 3sg - very - be - 1sgg

• ‘I cannot hear very well’

As the language gets more complex and shows a more complicated morpho-

logical structure, such as Inuktitut (Joanis et al., 2020), it requires more data

so that conventional word-based models can capture and learn its structure.

State-of-the-art approaches in NLP are data-hungry. Some of them require

a substantial amount of human-annotated data (e.g, for part of speech tag-

ging, dependency parsing) or they need a huge amount of unannotated text
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containing millions of tokens to be trained (e.g, methods for learning word

embeddings). This is problematic when working with low-resource languages

due to the lack of training data. This can also cause a problem while working

with morphologically-rich languages since many of their word forms do not

appear in the training data. One way to solve this problem is to transfer

knowledge from a rich-resource language to a low-resource one. Word embed-

dings, i.e., vector representations which can capture the semantics of words,

have recently become a key feature in various NLP tasks such as named entity

recognition (Pennington et al., 2014),1 sentiment analysis (Schnabel et al.,

2015)2 and part of speech tagging (Al-Rfou’ et al., 2013). So if we transfer

the knowledge captured in embeddings of a rich-resource language to another

low-resource language, developing NLP tools could become more feasible

for low-resource languages. This idea has led to the development of new

models, specifically cross-lingual word embeddings methods, to form word

embeddings for two or more languages in a shared embeddings space (Mikolov

et al., 2013b; Ruder et al., 2019). The goal of generating cross-lingual word

embeddings is to provide a shared space to induce semantic word vectors in a

multilingual context. Cross-lingual word embeddings can be used as a bridge

to transfer knowledge between languages, especially from a rich-resource

language to a low-resource one (Ruder et al., 2019). Although there has

1This task tries to identify and locate named entities in a sentence, such as proper
names, names of places, dates, etc.

2This task’s goal is to recognize the sentiment of a sentence, i.e., whether the sentence
has a positive or negative sentiment.
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been much research carried out in this area to introduce advanced methods,

which can generate high-quality cross-lingual embeddings, there are still some

limitations that have not been addressed properly. When working with a

low-resource language or a morphologically-rich language, it is very likely

that we do not observe a considerable number of the language’s words in the

training set. In the case of low-resource languages, the reason is the lack of

training data, and in the case of morphologically-rich languages, the reason is

the absence of many word forms in the training data. This problem is referred

to as the out-of-vocabulary (OOV) problem. This is very important because

in this case, we do not have an embedding for these words and the trained

models do not know how to represent them. Since the number of OOVs for

low-resource and morphologically-rich languages is high, the current models

would show poor performance when employed for these languages.

1.1 Research Questions

In this thesis, I would like to address the absence of large training corpora

and the existence of OOV words in low-resource and morphologically-rich

languages and propose a method that is more reliable when applied to low-

resource languages. Sub-word level embeddings (e.g., Bojanowski et al., 2017;

Sennrich et al., 2016) — i.e., embeddings for units smaller than words, such

as character sequences — have been proposed to address this limitation

concerning OOV words for monolingual embedding models, but little prior
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work — with the notable exception of Braune et al. (2018) which only considers

low-frequency words and not OOVs — has considered sub-word embeddings

in cross-lingual models. Therefore, understanding how we can get the most

from a limited amount of data and finding a solution for OOV words by

leveraging the sub-word information is critical. My goal is to address and

find answers to the following questions.

1. Can we leverage sub-word embeddings in cross-lingual models to address

the OOV problem in the cross-lingual domain? In this work, I evaluate

whether the existing sub-word representation methods can be lever-

aged in the established cross-lingual word representation methods and

whether the current methods are suitable to provide a representation

for OOVs in a shared space. The goal here is to show that sub-word

embeddings are able to provide a representation for an OOV word in

the cross-lingual domain, as they can in monolingual settings.

2. Can cross-lingual word representations be improved by incorporating

sub-word information in the process of training cross-lingual word

representations and does incorporating sub-word information impact

the performance in downstream tasks? In the previous question, I aim

to verify my hypothesis that sub-word embeddings can be used in the

cross-lingual domain, and here I argue that to get the most out of

sub-word information, sub-word information should be incorporated in

the training phase. In this way, not only do the sub-word embeddings
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carry the monolingual information but also they obtain some cross-

lingual knowledge. Therefore, we end up having embeddings with

higher quality and also the ability to form representations for OOV

words in a cross-lingual shared space.

3. Does the proposed method for learning cross-lingual embeddings by in-

corporating knowledge of sub-word information during training improve

over benchmark approaches for learning cross-lingual embeddings on

truly low-resource and morphologically-rich languages? In answering

the previous question, the low-resource languages are simulated. How-

ever, as mentioned earlier, languages vary based on their morphological

complexity, and it is crucial to show that a proposed method for low-

resource and morphologically-rich languages actually works for these

languages and it is not just limited to the case of simulated low-resource

languages.

1.2 Contributions

In this thesis, first, I describe a step by step approach to justify the importance

of sub-word embeddings in the cross-lingual domain and then introduce a

method to employ this information more effectively. In the end, I provide

results on low-resource languages as proof of my claim that incorporating sub-

word information in the training phase improves the quality of cross-lingual

word embeddings for low-resource languages. Below is a break down of the
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contributions and their details.

• I evaluate and investigate whether sub-word embeddings can be lever-

aged in cross-lingual models. For this evaluation, I consider two widely

used methods that provide sub-word information, character n-grams

and byte-pair-encoding. I compare these two methods in a simulated

low-resource scenario to find out which one of these methods is more

suitable for the case of low-resource languages. In addition, I consider

the case of a truly low resource language, Cherokee, to demonstrate the

same trend, as in the simulated situations, exists in a non-simulated,

actual low-resource language.

• I consider a novel bilingual lexicon induction task in which an in-

vocabulary target language translation is found for an OOV source

language word, where the representation of the source language word is

constructed from sub-word embeddings.

• I propose a novel approach to employ sub-word information during

the training phase to improve the performance of cross-lingual word

representations. The proposed approach uses a modest size of mono-

lingual training corpora and a bilingual dictionary as the cross-lingual

signal.

• The proposed method is evaluated on two intrinsic tasks, bilingual

lexicon induction and monolingual word similarity, and one extrinsic
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task, document classification. The achieved results show that the

proposed method performs on par with some strong benchmarks.

• The proposed method is evaluated on twelve truly low-resource and

morphologically-rich languages. The evaluation is conducted by con-

sidering the task of bilingual lexicon induction for in-vocabulary words

and also another bilingual lexicon induction task focusing on OOV

words. The results show that the proposed method is indeed effective

on the low-resource and morphologically-rich languages. In the case

of in-vocabulary words, the proposed method performs on par with

the current state-of-the-art method, and in the case of OOV words, it

outperforms the same method by a great margin.

1.3 Thesis Structure

The rest of this thesis is organized as follows. In Chapter 2, I describe a

history of word embedding methods and their advances and then discuss

various cross-lingual embedding methods. Then at the end of Chapter 2,

I describe low-resource languages and methods that leverage cross-lingual

embeddings for down-stream tasks in low-resource languages. In chapter 3, I

answer research question 1 by investigating the effect of leveraging sub-word

embedding in cross-lingual models. More specifically, I compare two different

methods of providing sub-word embeddings and various methods of forming

cross-lingual word embeddings in the case of representing OOV words. This
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chapter is an extended version of Hakimi Parizi and Cook (2020a).

In order to answer research questions 2 and 3, Chapter 4 is dedicated to

my proposed method to incorporate sub-word information in the training

process. In this chapter, I also present the results of evaluating the proposed

method in several cross-lingual and monolingual scenarios and also consider a

down-stream task to demonstrate its performance in real-world applications.

This part of Chapter 4 is an extended version of Hakimi Parizi and Cook

(2020b). At the end of Chapter 4, I describe the experiment conducted on 12

low-resource and morphologically-rich languages. The last chapter, Chapter

5, presents a summary of my contributions and depicts a path for possible

future work.
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Chapter 2

Related Work

In this chapter I present an overview of the past and recent works on word

embeddings and cross-lingual word embeddings, and discuss the importance of

cross-lingual embeddings for low-resource and morphologically-rich languages.

At the end of this chapter I also give a brief description of recent works on

downstream tasks — document classification, part-of-speech (POS) tagging,

and dependency parsing — targeting low-resource and morphologically-rich

languages.

2.1 Word Embeddings

One of the main research areas in NLP is learning representations of words.

One of the most well-known methods to form a semantic space is the vector

space model (VSM) (Salton et al., 1975). The earliest models consider a
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vector for a document with the dimensionality equal to the vocabulary size.

Each cell of this vector is filled up by the weight of the corresponding word

in the document. One way to calculate the weight is to calculate the word

frequency in the document (Chowdhury, 2010). Aside from the usefulness

of this method that provides a way to compare two documents or words

together, this method has some drawbacks. The main one is the size of each

vector, which is equal to the size of the vocabulary and it is mostly sparse.

Therefore, other methods have been introduced to reduce the dimensionality

of the vectors and make them denser. One of the earliest methods that I

can point to is latent semantic analysis (LSA) (Deerwester et al., 1990). The

main goal of LSA is to map from high dimensional count vectors to a low

dimensional latent semantic space. It reduces the dimensionality by using

singular value decomposition (SVD) to separate a matrix into its singular

values and singular vectors.

To the best of our knowledge, the earliest attempt to form distributional

representation for words, i.e., word embeddings, by neural networks is the

method proposed by Bengio et al. (2003). They reduce the dimensionality of

word vectors by utilizing a deep language model, a neural network language

model with several layers, to jointly learn a vector for each word and also

parameters of the probability function for the language model. Collobert and

Weston (2008) employ a deep convolutional network to train word embeddings

jointly with a language model. They also demonstrate the effectiveness of

word embeddings in several downstream NLP tasks. However, these deep
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architectures are very complex and computationally very expensive.

Mikolov et al. (2013a) propose word2vec, which has revolutionized the way of

generating word embeddings and impacted almost all downstream NLP tasks.

Word2vec contains two models to generate word embeddings, continuous

bag-of-word (CBOW) and skip-gram. The architecture of these two models is

shown in Figure 2.1. CBOW uses its surrounding words to predict the center

word and skip-gram uses the center word to predict its surroundings. One

other novelty of word2vec is the use of negative sampling. The intuition behind

negative sampling is to select several words randomly from the vocabulary in

the training corpus, and then the model tries to learn to distinguish words

selected randomly and words that belong to the context window. So, negative

sampling changes a multi-class classifier, predicting a target word among all

the possible words in the vocabulary, to a binary classifier that only has to

decide whether a word is from the training sample or the negative sample. The

basic CBOW model computes word representations by using the probability

distribution function defined below:

P (wi|wi±k\i) =
exp(uTwi

hi)∑
w∈W exp(uTwhi)

(2.1)

where hi is the average of context vectors surrounding the target word, uwi

is the vector representation of the target word, k is the window size, and W

is all the words in the vocabulary of the training corpus. Calculating the

denominator is a very expensive task, thus, Mikolov et al. (2013c) suggest
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Figure 2.1: The word2vec architecture for CBOW and skipgram (Mikolov
et al., 2013a)

instead of computing the Softmax function, to use negative sampling as shown

in Equation 2.2.

O =
∑
i∈D

(log σ(uTwi
hi) +

p∑
j=1

Ewj∼Pn(w) log σ(−uTwj
hi)) (2.2)

where D is the training data, p is the number of negative samples, and Pn is

the noise distribution to draw negative samples.

Later Pennington et al. (2014) introduce a different method based on matrix

factorization to learn word embeddings that employs the co-occurrence matrix

of the whole corpus, in contrast to word2vec which uses just local contexts.

They also use a weighted least square function in their objective function to

give less weight to rare words. This approach is called GloVe.

These models that I have described so far consider a vector for each word

and they do not consider morphology. As an example, in English, word2vec
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only gives a vector for “coming” and it does not consider different parts of

the words, for instance, it does not give a vector for “ing”. This is a bigger

problem for morphologically-rich languages, such as Finnish, which is an

agglutinative language, since plenty of words do not appear in the training

corpus, hence we will not have a vector for these rare words. Below is an

example in Finnish.

• kahvi - n - juo - ja - lle - kin

• coffee - of - drink - -er - for - also

• ‘also for coffee drinker’

Morphologically-rich languages encode much information at the word level

as in the Inuktitut example in Chapter 1 (page 4). Their word forms are a

function of their grammatical role, their relation to the surrounding words,

pronominal clitics, and so on (Tsarfaty et al., 2013). For instance, in Arabic,

which is a fusional language, most verbs are derived from three letter roots

and they can be transferred into 15 different forms based on their grammatical

role. For example, using the root ktb meaning ‘writing-related’, we can have

katab meaning ‘to write’, kaAtib meaning ‘writer’, and maktuwb meaning

‘writing’ (Habash and Rambow, 2006). Ignoring the internal structure of

words and their morphemes is also problematic in the case of low-resource

languages since the available resources for these languages are very scarce and

many of the word forms might not appear in the limited training data, and

therefore there would not be vector representations for these missing words.
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Sub-word level information is one way to solve this issue. Sub-word embed-

dings make the model more suitable for low-resource and morphologically-rich

languages since they can construct an embedding for missing words to rep-

resent their semantics even though they have not been seen in the training

corpus. Bojanowski et al. (2017) introduce a novel method, fastText, based

on word2vec. Each word in the training corpus is augmented with special

beginning and end of word markers. Each word is then represented as a bag

of character sequences (i.e., sub-words), for example sequences of length 3–6

characters. They additionally include the entire word itself (with beginning

and end of word markers) among the sub-words. In this model, a word is

represented as the sum of its n-gram vectors. Therefore, Equation 2.2 is

modified to Equation 2.3:

O =
∑
i∈D

(logS(wi, c) +

p∑
j=1

Ewj∼Pn(w) log−S(wj, c)) (2.3)

where c is the context. S, shown in Equation 2.4, measures the similarity

between a word and context, taking into account sub-words:

S(w, c) =
∑
g∈Gw

zTg vc (2.4)

where Gw is the set of sub-words appearing in w, and zg is the sub-word

embedding for g. To calculate vc, Bojanowski et al. sum representations for

each word appearing in c, where each word is represented by the sum of its

sub-word embeddings.
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Byte Pair Encoding (BPE) is another method that can help provide sub-

word knowledge. To work with BPE, we first need to define a vocabulary

size beforehand. Then, the BPE model tries to extract the most frequent

sequences of characters from the training corpus until it reaches the predefined

vocabulary size. The vocabulary size could be as low as 26 for English, equal to

the size of the alphabet considering only letters and not numbers, punctuations,

etc., but it is normally defined as around several thousand (Sennrich et al.,

2016). Zhu et al. (2019b) investigate different aspects for forming sub-word

informed word representations such as different methods to break a word

into segments, like morphemes or BPE, and various ways to compose these

sub-word representations together to form word embeddings, e.g., averaging

or a self-attention mechanism which is a learnable weighted addition. They

find that the choice of the sub-word model is mostly dependent on the task,

and that no one model is the solution for every situation and problem. They

also demonstrate that BPE is not effective for forming a representation for

OOVs.

One problem related to these classical word embedding methods is that

they only assign one vector to each word and ignore the various meanings

that a word can take by appearing in different contexts. This problem is

very challenging when learning an embedding for words that have multiple

meanings, i.e., polysemous words. For example, the word bank can mean “a

financial institution” or it can mean “the land alongside of a river”. However,

standard word representation methods only consider one vector for this word.
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Contextual word embeddings go beyond a single semantic representation

and generate an embedding for a word based on the surrounding context.

ELMO (Peters et al., 2018) (Embeddings from Language MOdel) is one of

the recent attempts to develop a language model that can generate context-

dependent embeddings. Its architecture consists of L layers of forward LSTM

(Long-Short Term Memory) and L layers of backward LSTM. As an input,

we can feed it embeddings from classical word embeddings methods (e.g.,

word2vec or Glove) or we can use a character-level convolution neural network

to incorporate sub-word information in the language model. At each layer, a

representation for a word can be computed by concatenating the hidden states

of the forward and backward LSTM in that layer. The final contextualized

embedding is an aggregation of all the representations from each layer. After

pre-training the language model, it can just simply serve as the first layer

in supervised methods for other NLP tasks (e.g., document classification,

named entity recognition). The input text is fed into the language model

and the supervised method has the responsibility to learn parameters for the

aggregation method to reach an embedding for each token. GPT (Radford

et al., 2018) (Generative Pre-Training) and GPT2 (Radford et al., 2019) are

two other examples of contextualized word representation methods. GPT is

a deep language model that employs a multi-layer transformer decoder (Liu

et al., 2018) to capture long-range dependencies in contrast to ELMO, which

utilizes LSTM networks. Furthermore GPT uses BPE to encode sub-word

information. Another feature of GPT is that it only captures left-to-right
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dependencies and ignores the context which comes after a token. GPT2

architecture mostly follows GPT and it is only trained on larger corpora and

has more parameters. BERT (Devlin et al., 2019) (Bidirectional Encoder

Representation from Transformers) employs a different objective function

and architecture that can consider all contexts surrounding a token when

generating its representation. ELMO only uses a simple concatenation of

forward and backward LSTM and GPT takes only left context into account.

BERT is built on multi-layer bidirectional transformer encoder (Vaswani

et al., 2017) and a masked language model (MLM) objective function, which

incorporates both the left and the right context to predict masked tokens

in a sentence. Furthermore, BERT has another objective function, next

sentence prediction, to reach a better understanding of relations between

sentences. Approaches to forming contextualized embeddings such as BERT

have achieved substantial improvements in many NLP tasks such as named

entity recognition (Hu and Verberne, 2020), document classification (Hoang

and Vu, 2020), and question answering (Yang et al., 2019).

2.2 Cross-Lingual Word Representations

The word embedding methods that have been discussed are designed for a

monolingual setting. However, the need for methods to represent words in

a cross-lingual setting to be able to transfer knowledge between languages

has emerged. This has led to development of new models to form cross-
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Figure 2.2: A 2D projection of cross-lingual word embeddings for two lan-
guages, English and German (Luong et al., 2015)

lingual word embeddings in a joint embedding space. Figure 2.2 shows a

two-dimensional projection of cross-lingual word embeddings for English and

German. This figure demonstrates that in the cross-lingual shared space,

a word and its translation are close to each other, e.g., money and geld.

Here also we can observe that the translations of words party and group

are either out-of-vocabulary words or mapped to a wrong place. The goal

of generating cross-lingual word embeddings is to first provide a space to

induce semantic word vectors in a multilingual context. This will enable

us to develop tools for tasks in need of having cross-lingual knowledge such

as cross-lingual information retrieval or automatically generating bilingual

dictionaries. Second, it can be used as a bridge to transfer knowledge between

languages, especially from a rich-resource language to a low resource one

(Ruder et al., 2019). In order to discuss the proposed methods in this domain,

21



I use the typology that is introduced by Ruder et al. (2019). They argued that

the existing cross-lingual embedding methods optimize a similar objective

function, and the only difference between them is the signal, the source of

data, and its alignment type, that they use to generate embeddings. The

signals are divided based on two features:

• Type of alignment;

• Comparability.

The first feature identifies the amount of supervision, strong or weak, and

the second one categorizes the signals into two groups, parallel signals that

are exact translations and comparable signals that are data which is similar

in some way, such as the Wikipedia page of a concept but in two different

languages.

Three types of alignment can be identified: word, sentence and document.

I will explain each of them separately and describe some of the papers and

methods proposed for each type.

2.2.1 Word Alignment

Most approaches introduced to form a cross-lingual representation employed

parallel data in the form of bilingual dictionaries. These methods can be

categorized into two main groups (Ruder et al., 2019):

• Mapping-based approaches;
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• Joint models and pseudo-multilingual corpus-based approaches.

Methods using comparable signals use, for example, images as their signals. I

do not discuss them here and instead try to describe the two aforementioned

groups in more depth.

Mapping-Based Approaches: These methods assume we already have

access to high-quality monolingual word embeddings for the source and target

languages. Then, they try to find a mapping between the source vector space

and the target vector space by using a bilingual dictionary. Mikolov et al.

(2013b) show that there is a linear relationship between the vector spaces of

two languages. If we consider the first language as A, and the second language

as B, by solving Equation (2.5), we get a transformation matrix, W.

ΩW =
n∑

i=1

||AiW − Bi||2 (2.5)

The transformation matrix maps the vectors of the language A to the vector

space of the language B. Mikolov et al. (2013b) employ 5000 of the most

frequent words in the source language and their translation in the target

language, as the cross-lingual signal to find the transformation matrix by

minimizing the mean squared error (MSE). Xing et al. (2015) argue there are

inconsistencies between the objective function to learn word embeddings, the

distance measurement for word vectors, and the objective function to learn

the linear transformation. Thus, they propose to normalize all word vectors
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to be unit length located on a hypersphere. They also suggest applying an

orthogonal constraint on the transformation matrix. Faruqui and Dyer (2014)

use two monolingual corpora to get word representations for each language,

and then apply canonical correlation analysis to find a transformation matrix

to map both languages to a shared space. Joulin et al. (2018) introduce

a new loss function to find the mapping between the vector space of two

languages. They use the squared loss to optimize the mapping matrix, W, and

also consider an orthogonality constraint on matrix W. They propose to use

a modified version of cross-domain similarity local scaling (CSLS) (Lample

et al., 2018) to optimize and find the mapping function explicitly for the

bilingual lexicon induction task.

Most of the prior methods assume that there is a high-quality bilingual

signal, which the model requires in the form of a bilingual dictionary, readily

available. Vulić and Korhonen (2016) argue that the bilingual seed lexicon

plays a crucial role in the quality of the induced cross-lingual word embeddings.

Therefore, to make sure that the bilingual seed lexicon contains high-quality

translation pairs, they introduce a hybrid method that first finds a shared

cross-lingual space by using an existing cross-lingual word embedding method

— which does not require a bilingual seed lexicon for training — and extract

a high-quality seed lexicon from this shared space to then use to train and

form a second shared cross-lingual space using an existing mapping-based

method. To ensure the quality of the seed lexicons, they consider a symmetric

constraint and only accept those pairs that are mutual nearest neighbors.
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Artetxe et al. (2017) propose a method that can work with a small seed

lexicon, as low as 25 pairs. The main idea is to start from a small number

of pairs and expand automatically. These methods can especially be useful

in the case of dealing with a very low-resource language. They solve the

same optimization problem as Mikolov et al. (2013b), and in a process of

self-learning and in several rounds of bootstrapping add more translation

pairs to the bilingual dictionary.

Recently, there have been a vast number of attempts to make the bilingual

lexicon induction task feasible in an unsupervised fashion, i.e., without re-

quiring any seed lexicon translation pairs for training. Hauer et al. (2017)

introduce a method that works in two steps. In the first step, it extracts

some seed pairs from non-parallel monolingual documents based on words’

orthographic similarity and their frequency. In the second step, they expand

their lexicon by employing a method similar to Mikolov et al. (2013b) with

one difference: instead of only finding a transformation matrix from the

source language to the target language, they also find a transformation matrix

from the target language to the source language. Lample et al. (2018) argue

that most of the current methods to form cross-lingual word representations

require parallel data, some in the form of bilingual dictionaries and some in

the form of parallel corpora, and that it is hard to acquire such data for all

languages. Thus, they propose a fully unsupervised method that does not

rely on any cross-lingual signal and is not dependent on character-level word

similarities between languages. Their method consists of two main steps. The
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first is an adversarial training strategy, which tries to find a mapping matrix

between the embedding space of the source and target language. Then to

increase the quality of the shared space, it finds the translation for the most

frequent words and uses them as anchors, and in an iterative form tries to

enhance the precision of the mapping matrix. In another work, Artetxe et al.

(2018b) propose a fully unsupervised method that can learn the mapping

between the vector spaces of two languages iteratively without the need for a

bilingual signal. They employ the same self-learning method as Artetxe et al.

(2017); however, they introduce a fully unsupervised initialization method

that exploits the similarity distributions of words in the two languages to find

a set of word pairs to start the learning phase.

Artetxe et al. (2020b) investigate the different scenarios that unsupervised

methods take to find an ideal mapping between the embedding spaces of

two languages. They argue that the assumption which these unsupervised

methods make, i.e., having a substantial amount of monolingual data and

lack of parallel data in any form (Lample et al., 2018; Artetxe et al., 2018b),

is unrealistic because having access to some sort of parallel data in the form

of bilingual dictionaries or parallel corpora is more common than having

a huge amount of monolingual data, especially in the case of low-resource

languages. Moreover, it has been shown that fully unsupervised methods do

not perform well across all languages, especially in the case of morphologically-

rich languages, and when the monolingual embeddings do not come from the

same domain (Søgaard et al., 2018; Vulić et al., 2019). Ormazabal et al. (2019)
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show that the isomorphism assumption — i.e., that embeddings for different

languages have a similar geometric arrangement, which is key to the success

of mapping-based models — does not always hold. Even though the mapping-

based methods, especially unsupervised methods, are the current trend to

form cross-lingual word representations, their experiments demonstrate that

methods which jointly learn the embedding space for the source and the

target languages are superior to mapping-based methods.

Joint Models and Pseudo-Bilingual Corpora These types of methods

try to train embeddings for the source and the target language in a shared

cross-lingual space. Some of these methods (e.g., Klementiev et al., 2012)

exploit parallel corpora to train embeddings jointly, and others (e.g., Xiao

and Guo, 2014; Gouws and Søgaard, 2015; Duong et al., 2016) relax the

assumption of having parallel corpora and construct a pseudo-bilingual corpus

from monolingual data and a bilingual dictionary and then train embeddings

jointly.

Klementiev et al. (2012) introduce a method to induce cross-lingual represent-

ations by training a language model on the source and target languages and

optimizing their objective function jointly. The process of optimization is

such that every time a vector related to a word has to be updated, all its

possible translations are also updated.

The goal of pseudo-bilingual corpus methods is to construct a bilingual corpus

by simply replacing words in a source language corpus with their target
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language translation randomly, instead of finding a transformation matrix

between the source and target language using a bilingual dictionary. One of

the earliest attempts to do so is Xiao and Guo (2014). First, they translate

all the words in the source language corpus into the target language by using

Wiktionary. Afterward, polysemous words and out of vocabulary words in the

target language are removed. Finally, they employ the method of Collobert

and Weston (2008) to form word representations by using sentences from

both languages. They consider one vector for each translation pair, and in

this way, they make sure that a word and its translation have similar vectors.

Gouws and Søgaard (2015) concatenate and shuffle the source corpus and

the target corpus. Then, they replace each word that is in the bilingual

seed lexicon with one of its translations in a random manner, by flipping a

coin (the chance of being replaced is the same as being left unchanged). To

get the vector representation, they run CBOW on the constructed corpus.

Similarly, Duong et al. (2016) also propose a method that replaces words in a

pseudo-bilingual corpus with their translation during training. However, they

further propose a way to handle polysemy by choosing the best translation

for a word by considering its context using the expectation-maximization

algorithm. Later, Adams et al. (2017) employ this method to train language

models for low-resource languages.

Even though the methods discussed so far only consider one language as the

source language and one as the target language, it is possible to train em-

beddings for several languages simultaneously. Duong et al. (2017) introduce

28



two ways to build multilingual word representations. First, they employ the

method introduced by Duong et al. (2016) to train embeddings for several

languages with a shared target language (e.g, English). Then, they use a

simple mapping-based method (e.g., Mikolov et al., 2013b) to map the target

embeddings of all these trained models to a shared space. Since the target

language for all the trained models is English, there is no need for another

bilingual seed lexicon for the mapping-based method. Then after finding the

transformation matrix, they map the source languages’ embeddings to this

shared space using the learned transformation matrix. They also propose a

modification of the optimization function of Duong et al. (2016) to train em-

beddings jointly for several languages without the need for any post-processing

steps and utilizing any mapping-based method. Ammar et al. (2016) propose

an extension of Faruqui and Dyer (2014) to map embeddings of several lan-

guages to a shared space. They also introduce a new method, Multicluster,

to learn multilingual embeddings for 50 languages. First, they form a cluster

of words with similar meanings by using a bilingual dictionary. Then, they

assign an ID to each cluster, and replace the words in the monolingual corpus

with their assigned ID. In this way, they transform a corpus into a series

of IDs, with each ID representing a cluster of words with similar meaning.

Afterward, the monolingual corpora are concatenated to form a multilingual

corpus. In the end, skip-gram is run over the concatenated corpus to learn

an embedding for each ID.
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2.2.2 Sentence Alignment

Another form of alignment is sentence alignment, which like word alignment,

has two different degrees of alignment, parallel and comparable. This type of

alignment is known as one of the most expensive ones. The parallel alignment

can be categorized into five main groups (Ruder et al., 2019):

• Word-alignment based matrix factorization approaches

• Compositional sentence models

• Bilingual auto-encoder models

• Bilingual skip-gram models

• Contextual language models

Word-alignment based matrix factorization approaches: This group

of methods utilizes information from alignment matrices in machine trans-

lation, which can be created from sentence-aligned parallel corpora using

techniques such as fast-align (Dyer et al., 2013), as a signal to induce cross-

lingual word representations. If a word in the target language is only aligned

with one word in the source language, their representations are similar too.

However, if a word is aligned with several words in the source language, its

representation is a combination of those words. Zou et al. (2013) employ a

neural network model and alignment matrices as the signal to form bilingual

representations. Then, they try to optimize the objective function for inducing
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word embeddings for each language jointly with the bilingual objective func-

tion. Guo et al. (2015) propose that the representation for a target language

word is equal to the average of its related words in the source language. They

also suggest a solution for out-of-vocabulary (OOV) words that are not in

the parallel data. To form a representation for an OOV word, first, they find

the nearest words to it based on edit distance. Then, the average of these

words is selected as an embedding for the OOV word.

Compositional sentence models: Hermann and Blunsom (2013) argue

that sometimes it is not enough to just have a representation for a word, and it

is better to consider longer structures such as phrases or sentences. Therefore,

they suggest a method that minimizes the distance between parallel sentences

in a multilingual setting. They define the representation of a sentence as the

sum of its constituents. Later, Hermann and Blunsom (2014) extend this idea

by proposing a non-linearity function to form sentence representations over bi-

gram pairs. They also argue that even having a representation for a sentence

is not enough and that we need to have a representation for each document.

Thus, they employed a recursive function to first form representations for

sentences and then use these vectors at a higher level to form document

representations.

Bilingual auto-encoder models: An auto-encoder is presented by Lauly

et al. (2014) to form cross-lingual representations. The auto-encoder tries to

accomplish four tasks:
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1. Construct a sentence representation of the source language from its

parallel sentence in the target language;

2. Construct a sentence representation of the target language from its

parallel sentence in the source language;

3. Reconstruct the source language sentence representation from itself;

4. Reconstruct the target language representation from itself.

Similarly to Hermann and Blunsom (2013) they also define the representation

for a sentence as the sum of its word embeddings.

Bilingual skip-gram models: Luong et al. (2015) propose a novel model

to learn cross-lingual representations in a way to preserve both cross-lingual

and monolingual features. To reach this goal, their model tries to learn

word vectors by utilizing monolingual co-occurrences and jointly using the

cross-lingual equivalences in parallel data. The proposed model employs the

skip-gram model with negative sampling as the base method to learn word

vectors. The skip-gram model learns the context of each word monolingually

and also uses cross-lingual alignment to predict the context in the other

language too. So, we can see their model as four skip-gram models such that

two of them capture monolingual features, and the other two try to capture

cross-lingual features. A similar method is also presented by Coulmance

et al. (2015) that attempts to predict the context of a word in the source

language and also in its aligned sentence in the target language. Pham et al.
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(2015) introduce a method that forms a vector for each sentence, without just

simply adding the vectors of its component words, by employing Paragraph

Vector (Le and Mikolov, 2014). They consider one vector for each sentence in

the source language and its aligned sentence in the target language to make

similar sentences have similar representations.

Contextual Language Models As mentioned earlier, sentence alignment

is a very expensive requirement, and having large parallel corpora, especially

for low-resource languages, is either highly unlikely or it would be very expen-

sive to build. In contrast, parallel data in the form of bilingual dictionaries

are relatively-widely available. For example, Panlex (Baldwin et al., 2010) is

a translation resource that combines many bilingual dictionaries and provides

translations for 5700 languages. Furthermore, the recent trend of methods

is to mostly exploit word alignment signals, and they are only capable of

learning word-level embeddings. However, in some downstream tasks, it is

crucial to have sentence representations instead of word representation (e.g.

cross-lingual natural language inference and question answering). Thus, the

current state-of-the-art methods, impacted by the advances in contextual-

ized word representations and language modeling, tend to learn sentence

representation either from parallel or non-parallel documents.

Conneau et al. (2018) introduce a new dataset to evaluate the performance of

cross-lingual methods on the task of natural language inference (NLI). They

also propose two cross-lingual baseline methods. The first one takes advantage
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of the power of mapping-based methods. It first finds a shared space for

two languages and then uses a sentence embedding method to learn sentence

embeddings in a way that the sentence representation for a sentence in the

target language becomes similar to its translation in the source language.

The other method is a multilingual bidirectional LSTM (BiLSTM) sentence

encoder which tries to learn to encode the source language sentences and their

translations in the target language with an objective to locate a sentence

and its translation nearby in the embedding space. Schwenk and Li (2018)

also introduce a dataset to evaluate cross-lingual methods on the task of

document classification. Along with the dataset, they also propose a baseline,

which uses multiple sequence encoder-decoders to map the sentences of all the

languages into a common shared space and it is trained on parallel corpora.

Artetxe and Schwenk (2019) propose a bi-directional LSTM language model

that is trained on a very large parallel corpus, containing 223 million parallel

sentences, and jointly learns representations for 93 languages. More recently

Conneau and Lample (2019) propose three cross-lingual language models with

different objective functions. The first one is similar to common language

models and tries to predict the next token based on the previous context. The

second one is similar to the BERT (Devlin et al., 2019) objective function and

learns to predict masked tokens in a sentence. The third one is an extension of

masked language models and needs access to parallel corpora. It is similar to

the BERT objective function, but instead of only predicting the masked token

in the source language, it also tries to predict the masked token in its parallel
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sentence in the target language. Their results suggest the combination of the

masked objective function with the cross-lingual masked objective achieves the

best results in cross-lingual downstream tasks. Multilingual BERT (mBERT)

is a BERT language model trained on concatenated Wikipedia corpora for

105 languages. Wu and Dredze (2019) show that since mBERT uses a shared

vocabulary for all languages, it can represent embeddings for all languages in

a shared space, rather than representing each language in a separate space.

This model is therefore able to learn deep contextualized cross-lingual word

embeddings without any cross-lingual signal.

2.2.3 Document Alignment

As for word alignment and sentence alignment, for document alignment,

we can divide the methods into two groups of parallel and comparable data.

However, parallel documents are assumed to be sentence aligned too, so we can

apply previous methods for sentence aligned data on them. Therefore, here I

describe those methods, which utilize comparable documents. Comparable

documents are also cheaper compared to parallel sentences. Methods presented

in this subcategory can be categorized into two main groups (Ruder et al.,

2019):

• Approaches based on pseudo-bilingual document-aligned corpora

• Concept-based methods
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Approaches based on pseudo-bilingual document-aligned corpora

Vulić and Moens (2015) present a method to learn cross-lingual word vec-

tors from non-parallel data. Their method first concatenates comparable

documents together and after removing sentence boundaries, shuffles the

concatenated document’s words randomly so each word has a context of both

languages. In the next step, it learns word embeddings by employing skip-

gram. It is explained that if the window size is set to be big enough to contain

context from both languages, it can lead to better bilingual representations.

Concept-based methods Søgaard et al. (2015) propose a novel method

to build vector representations for languages based on Wikipedia topics. It is

argued that Wikipedia contains a vast number of articles on the same topics

written in different languages. Therefore, they propose to build representations

for words based on the topics of the articles they are used in. In this way,

words in different languages that are used to describe a similar topic are most

likely similar. Therefore, they employ an inverted matrix to represents words

based on the topics they are used in, instead of representing topics by their

words. Last but not least, they utilize a dimensionality reduction technique

(SVD) to reduce the dimension of vectors and sparsity.
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2.3 Low-Resource Languages

Most of the tools presented for NLP tasks need strong supervision to perform

adequately. To provide strong supervision, we need to have annotated text,

which is very expensive and time-consuming to provide. Other methods, such

as methods to form word representations, require a huge amount of unan-

notated text to effectively learn representations that encode word meanings.

However, this type of data is also hard to obtain and for many languages

impossible (i.e., languages that are not widely spoken and are endangered,

like some Indigenous languages spoken in Canada). For these reasons, NLP

tools only cover a limited set of languages, for example Google Translate only

supports 104 languages. However, more than 200 languages were reported

to be spoken just in Canada (Canada, 2018). Therefore, a vast amount of

research has recently been done on low-resource languages to find a way

to make current methods transferable to low-resource languages or develop

approaches that are able to work with small amounts of data.

Before going any further and discussing the methods which make NLP tasks

feasible for low-resource languages, it is essential to first discuss the features

which make a language a low-resource language. If we want to define a

low-resource language literally, it means a language that lacks resources for

developing NLP tools. But, how scarce must the data be in order to call it

low-resource, and what type of tools are we talking about? While some might

assume a language is recognized as low-resource if it is on the verge of being
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extinct, this is not the case and even the majority of European languages are

recognized as low-resource, such as Lithuanian and Greek (Cieri et al., 2016).

Strassel and Tracey (2016) consider a language as a low-resource one if it

does not have any human language technology. Duong (2017) argues that

the term human language technology is vague and there should be a more

concrete definition to make it easier to identify a low-resource language. So

they provide the following example:

“A language is considered low-resource for a given task if there is

no algorithm using currently available data to automatically do

the task with adequate performance.”

Most of the methods proposed for NLP tasks are for major languages such as

English, German, Spanish, and French and these languages do not fall in the

scope of the low-resource languages. However, since even accessing a small

amount of training data for low-resource languages is sometimes difficult and

it is even harder to find a proper benchmark to evaluate them, researchers

often simulate the situation of a low-resource language by just decreasing

the amount of training data for rich-resource languages, and then trying

to observe how their proposed methods work in a simulated low-resource

scenario by evaluating them on well-established benchmarks (e.g., Gu et al.,

2018b; Zhu et al., 2019a; Mulcaire et al., 2019).

Various studies have been conducted on a variety of NLP tasks in a low-

resource setting, such as machine translation (Gu et al., 2018a; Ramesh and

Sankaranarayanan, 2018), sentiment analysis (Elming et al., 2014), language
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modeling (Adams et al., 2017) and named entity recognition (Rahimi et al.,

2019) to make them feasible for low-resource languages. Here, I describe some

of the work that has recently been conducted on document classification, part-

of-speech (POS) tagging, and dependency parsing. The first task, document

classification, is the one that I consider in Chapter 4 to evaluate my proposed

method. The other two tasks, POS tagging and dependency parsing are

selected since they are widely addressed in the literature to evaluate cross-

lingual word representations and their impact on downstream applications

for low-resource languages.

Document Classification: One of the widely used extrinsic tests to

evaluate cross-lingual models is document classification, i.e., classifying a

document as one of a predefined set of classes. This task is motivated by

the situation when sufficient labeled training data is not available for a low-

resource language, however, there is a vast amount of training data available

in a rich-resource language. A classifier is therefore trained on a rich-resource

source language, such as English, and then directly applied to a low-resource

target language. There are several datasets to perform cross-lingual document

classification, but the one which is most widely used consists of news articles

from the RCV1/ RCV2 dataset (Lewis et al., 2004). In this dataset, there

are four topics: CCAT (Corporate/Industrial), ECAT (Economics), GCAT

(Government/Social), and MCAT (Markets). Each document can belong to

one or several of these topics; however, in previous works the classification
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focuses mostly on documents which belong to only one topic.

One of the early works on cross-lingual document classification is Klementiev

et al. (2012). They only consider English and German for their experiments.

First, they include a subset of RCV1/RCV2 in the training data so their

model gains some domain knowledge. To train a classifier, a document is

represented as the average of its word representations weighted by their idf

score. Idf, inverse document frequency, shows how important a word is by

assigning a low score to frequent words — e.g., the, a, an — and a high

score to the words which are rare. An averaged perceptron algorithm is

used as the classifier. Duong et al. (2016) represent documents as a bag of

words weighted by tf-idf score. They train a classifier on 1000 documents in

the source language, English, and applied it directly to 5000 documents in

the target language. Similar to Klementiev et al. (2012) they only conduct

experiments on English and German.

Schwenk and Li (2018) argue that selecting a subset of RCV1/RCV2 randomly

would cause some difficulties that might not be desirable while evaluating a

cross-lingual model. Specifically, a random subset would lead to imbalanced

class distributions in our training, development, and test sets. Even though

in reality we do not face a perfectly balanced class distribution, simulating

balanced classes would make evaluating a cross-lingual model easier. Therefore,

they introduce a subset of the RCV1/ RCV2 dataset (referred to as MLDoc)

for 8 languages, Chinese, English, French, German, Italian, Japanese, Russian,

and Spanish. It has 1000 documents in each of the training and development
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sets, and 4000 documents in the test set, for each language. This dataset not

only makes the class distribution balanced and provides more languages for

the experiments but also provides a benchmark to make comparing results

achieved from various methods easier. Artetxe and Schwenk (2019) evaluate

a deep language model trained on 220M parallel sentences for 93 languages

on MLDoc. They generate a representation for each document by passing it

through the network and then feeding the representation to a feed-forward

classifier. Devlin et al. (2019) and Conneau and Lample (2019) propose

contextualized language models that are trained on a substantial amount of

multilingual text. It is possible to just add a classifier to the last layer of

these language models and perform zero-shot document classification (Wu

and Dredze, 2019; Lai et al., 2019). Zero-shot document classification means

to train a classifier on the source language and then apply it directly on

the target language. The state-of-the-art result for this task on the MLDoc

dataset belongs to Lai et al. They argue that apart from the cross-lingual gap

— i.e., aligning the vector space of two languages — there is also a domain gap

between languages. They argue that NLP tasks are not identical in different

languages, for example, for sentiment analysis of customer reviews, people

may express their feelings of a product differently in different languages. So,

they propose to employ XLM (Conneau and Lample, 2019) along with an

unsupervised data augmentation approach, i.e., fine tuning XLM on unlabeled

data in the target language or generating noisy labeled data in an unsupervised

fashion and training the classifier on these noisy data too in order to make
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the classifier invariant to a small amount of noise, to fill the gap between

domains and languages. These language models (Artetxe and Schwenk, 2019;

Devlin et al., 2019; Conneau and Lample, 2019) are trained on a substantial

amount of text data and in the case of Artetxe and Schwenk, and Conneau

and Lample, they also employ parallel corpora which is the most expensive

resource for building cross-lingual methods.

POS Tagging: This task aims to label each word in a sentence with

its corresponding part of speech tag, i.e., noun, verb, adjective, etc. One

line of research tries to take advantage of available parallel corpora. Duong

et al. (2013) propose an unsupervised POS tagger that exploits parallel

corpora between a rich-resource language and a low-resource language. Their

method first uses the word alignment between the two corpora and tags

the target corpus partially with the same tag as the alignment word in the

source language. After this step, the top sentences in the target language

are selected based on their alignment score to be used in a self-training and

revision process. Agić et al. (2015) use just Bible translations to train a POS

tagger in different languages. They argue that the translation of the Bible, or

a part of it, is available for a large number of languages. For a subset of these

languages, K, there is enough training data available to train a POS tagger.

After tagging these languages, for the rest of the languages, they suggest

using the majority vote between the K languages to create a tag dictionary

to train a POS tagger for each other language. Kim et al. (2015) also leverage
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the availability of the partial translation of the Bible. They assume that for

each language they have 200K tokens and also that they have access to a

reliable tagger for some of the rich-resource languages. Although they do not

utilize any ancillary source of information, they employ a two-step canonical

correlation analysis (CCA) method to form word representations that not

only contain information about the word context and its projected tags from

rich-resource languages, but that also is more general by incorporating a

monolingual corpus from newswire for each language. In the end, they train

a multi-class SVM to assign a tag to each word in a sentence.

Another line of research investigates the impact of providing a small amount

of gold standard training data in the low-resource language and training

a tagger using this data. Garrette et al. (2013) investigate the results of

crafting training data for POS tagging for two truly low resource languages,

Kinyarwanda and Malagasy, in a limited time. Their results demonstrate

type annotation — i.e., annotating words out of context — is superior to

token annotation — i.e., annotating word instances in context. By having

a small set of type annotations provided by a linguist in a limited time,

they achieve satisfactory results. Duong et al. (2014) try to develop a more

accurate POS tagger by proposing a semi-supervised method. As in Duong

et al. (2013), they use parallel data to transfer tags from a rich-resource

language to a low-resource one. However, in this work, they suggest that

incorporating the knowledge of a POS tagger, which has been trained only on

1000 tokens of annotated data on the low-resource language, can increase the
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accuracy of the POS tagger. Fang and Cohn (2017) argue that we may not

have access to readily available parallel data for many languages. Thus, they

propose another method that employs cross-lingual word embeddings. Their

method first learns cross-lingual embeddings for a rich-resource language and

a low-resource one. Then, they train a BiLSTM tagger on the rich-resource

language. The first layer of the network is the cross-lingual embeddings, and

this shared cross-lingual space makes knowledge transfer possible. To improve

the accuracy of the tagger, they employ gold standard annotations on the

target language and train the tagger jointly using distant supervision, the rich-

resource language, and the gold annotations for the low-resource language.

Kim et al. (2017) introduce a method that can achieve high accuracy in

low-resource scenarios by using only 1280 tagged sentences similar to fully-

supervised methods on rich-resource languages. In the first layer, it has a

BiLSTM model that provides character level embeddings. The concatenation

of this network with word-level embeddings is fed to two other BiLSTM

networks, a private BiLSTM, and a common BiLSTM. The common BiLSTM

uses a language classifier objective function to provide language-agnostic

sentence representations and it is shared between languages. However, the

parameters for the private BiLSTM are not shared between languages. It is

trained by concatenating its output with the common BLSTM and feeding it

to a BiLSTM language model to capture the characteristics of each language

and then to a softmax layer to predict part-of-speech tags.

With the recent advances in contextualized embeddings, and the introduction
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of mBERT, several studies have applied it in downstream tasks including POS

tagging. Wu and Dredze (2019) and Pires et al. (2019) employ mBERT in

POS tagging in zero-shot and low-resource scenarios. Wu and Dredze compare

their results with Kim et al. (2017) and even though mBERT outperforms

Kim et al.’s method in zero-shot scenarios, it falls behind it in the low-resource

scenarios, where a small amount of labeled data is available for the target

language. However, assuming that we do not have access to any training

data is a very strong assumption. As mentioned, Garrette et al. (2013) show

that in only four hours, we can gather enough annotated data, 10K words, to

train a cross-lingual tagger for a low-resource language, thus we can avoid

zero-shot situations.

Dependency Parsing: The task of analyzing the grammatical structure

of a sentence by identifying the syntactic relations between words is called

dependency parsing. Designing a dependency parser also requires a large

amount of training data, for example a treebank, which is available for only a

limited number of languages. Thus, to be able to have a dependency parser for

low-resource languages, approaches to transfer knowledge from a rich resource

language to a low-resource one have been developed. A series of works have

used the Universal Dependency Treebank (Nivre et al., 2020) to make this

transfer possible. Duong et al. (2015b) propose a novel method to train a

dependency parser jointly on a rich-resource language and a low-resource

language, which only has a small amount of annotated data. By training a
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neural network jointly on both languages, they create a shared cross-lingual

space that enables knowledge transfer between languages. They also consider

an embeddings matrix for each language in the objective function to preserve

specific features related to each language. Another novelty of their work is

that their model is able to incorporate a bilingual dictionary in the training

process to make the representation of a word similar to its translation.

Agić (2017) introduces a model to select a delexicalized parser among several

source languages for a target language. Three measures are introduced to

select the best parser at runtime. The first measure considers the distribution

of source and target tri-gram POS tags, the second one is a naive Bayes

classifier using n-grams, and the last one gets help from resources that contain

structured data for a large number of languages — i.e., WALS covers 2679

languages and for each language it has 202 features such as morphology,

phonology and syntax (Dryer and Haspelmath, 2013).

Another way to transfer knowledge between languages is by using parallel

data. Schlichtkrull and Søgaard (2017) suggest using Bible translations as

a source to transfer knowledge between languages. First, they parse the

Bible translation in the source (high-resource) language using a pre-trained

graph-based parser. Then, by projecting labels to the low-resource language,

a scoring edge matrix is created. Now, a parser can be trained for the low-

resource language using this edge matrix. Contextualized embeddings are

also utilized in building cross-lingual dependency parsers. Wu and Dredze

(2019) use a graph-based model and the output of mBERT is fed to the graph
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as its input. The results demonstrate the advantage of mBERT in capturing

cross-lingual characteristics to build a cross-lingual dependency parser.
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Chapter 3

Evaluating Sub-word

Embeddings in Cross-lingual

Models

Cross-lingual word embeddings provide a shared space for embeddings in two

languages, enabling knowledge to be transferred between them. Cross-lingual

word embeddings can be used for tasks such as bilingual lexicon induction,

and can be leveraged to improve systems for natural language processing

(NLP) for low-resource languages for tasks such as language modelling (Adams

et al., 2017), part-of-speech tagging (Fang and Cohn, 2017), and dependency

parsing (Duong et al., 2015a). In the case of out-of-vocabulary (OOV) words,

however, no information is available. This could be particularly problematic

for low-resource languages, where the number of words that embeddings are
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learned for could be relatively low due to the relatively small amount of

training data available, and for morphologically-rich languages, where many

wordforms would not be observed while learning the embeddings.

This chapter, which is an extended version of Hakimi Parizi and Cook (2020a),

presents a systematic evaluation of whether sub-word embeddings can be

leveraged in cross-lingual models to address the OOV problem. Specifically, in

Section 3.1, I first describe the training corpora used to train the cross-lingual

embeddings and then in Section 3.2 I show the details of the evaluation data

for the experiments, which focus on bilingual lexicon induction. Specifically, I

propose a novel bilingual lexicon induction evaluation which focuses on finding

an in-vocabulary target language translation for an OOV source language

word. Section 3.3 is dedicated to presenting the results. More specifically,

Section 3.3.1 shows the results on an OOV test-set by using three cross-lingual

word embedding methods and employing two methods for splitting words into

subwords. Section 3.3.2 presents the results achieved on a test set consisting of

a combination of OOV and in-vocabulary words. Afterwards, in Section 3.3.3,

I investigate the impact of interpolating string-based edit distance with the

similarity score from cross-lingual embeddings, focusing again on OOV words.

Section 3.3.4 considers the case of a truly low-resource language, Cherokee,

and investigates the importance of sub-word embeddings for low-resource

languages. In Section 3.4, I summarize and describe the contributions of this

chapter.
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3.1 Corpora

In these experiments, I consider the same languages that Adams et al. (2017)

used in their paper on applying cross-lingual word embeddings for low-resource

language modelling; specifically, I consider English, and the following lan-

guages which have varying degrees of similarity to English, and vary with

respect to morphological complexity: Finnish, German, Japanese, Russian,

and Spanish. The corpus for each language is a Wikipedia dump from 20

September 2018, except for Japanese, where I use a pre-processed Wikipedia

dump (Al-Rfou’ et al., 2013). For English, the raw dump is preprocessed using

wikifi (Bojanowski et al., 2017), and for the other non-Japanese languages

I use WP2TXT.1 Details of the corpora for each language are provided in

Table 3.1 in the “Full” columns.

In preliminary experiments I observed that for the full Wikipedia corpora,

relatively few words in the evaluation dataset (discussed in Section 3.2) were

OOVs, yet OOVs are required for my experimental setup, since the goal is to

observe the transferability of words that are not seen in the training corpus of

the source language but are available in the embedding matrix of the target

language. Therefore, following Adams et al. (2017), I carried out experiments

in which I learned cross-lingual embeddings, but down-sized the size of the

source language corpora, which increases the number of OOVs.

I conduct a series of preliminary experiments on the quality of cross-lingual

1https://github.com/yohasebe/wp2txt
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word representations and their dependency on the size of the target language

training corpus. The goal of these preliminary experiments is to find the

least amount of training data required to generate reasonably high-quality

cross-lingual word representations. In these experiments, I only consider

language pairs where English is the source or target language, and the other

language is one of the five other languages (i.e., one of Finnish, German,

Japanese, Russian, or Spanish). I begin by downsizing the target language

training corpus into different size sub-corpora with varying numbers of tokens

(e.g., 100K, 1M, 10M, 100M). These sub-corpora are used to train the target

language word embeddings, and then these embeddings are employed in

a bilingual lexicon induction task for in-vocabulary words. To learn the

cross-lingual word embeddings, I employed the public implementation of a

supervised method (Lample et al., 2018). My findings indicate that bilingual

lexicon induction for in-vocabulary items performed with reasonably high

accuracy (e.g., > 60%) down to corpora of roughly 100M tokens. I therefore

choose a randomly-selected 100M token portion of each corpus as a sample,

except for Finnish, where the full corpus is less than 100M tokens. Details of

these corpora are also shown in Table 4.1, in the “Sample” columns.

In the bilingual lexicon induction experiments in this chapter, I attempt to

find an in-vocabulary target language translation for an OOV source language

word. I therefore always use the full corpus for the target language — so

that translations of many source language words will be in-vocabulary in

the target language — and a sample for the source language — so that a
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Full (target) Sample (source)
Language Family Tokens Types Emb’s Tokens Types Emb’s

English Germanic 4500M 9.9M 2470k 100M 800k 210k
Finnish Finnic 70M 3.8M 650k 70M 3800k 650k
German Germanic 690M 10.2M 2030k 100M 2900k 550k
Japanese Japanese 200M 2.2M 370k 100M 1100k 230k
Russian Slavic 390M 8.7M 1550k 100M 3700k 650k
Spanish Romance 500M 4.3M 810k 100M 1500k 310k

Table 3.1: The size of the full corpus, and sample, for each language, in terms
of the number of tokens, types, and resulting embeddings (Emb’s). Language
families are also shown.

substantial number of gold-standard translations will be OOV in the source

language, and to simulate a lower-resource source language.

3.2 Evaluation Datasets

Panlex (Baldwin et al., 2010) is a freely-available translation resource, built by

combining many translation dictionaries, that covers thousands of languages

and includes over 1 billion translations. I use Panlex to build gold-standard

evaluation data.

In these experiments I only consider language pairs where English is the source

or target language, and the other language is one of the five other languages

(i.e., one of Finnish, German, Japanese, Russian, or Spanish). I begin by

extracting all single-word translations from Panlex for these language pairs.

For each language pair, I then create a gold-standard evaluation dataset by

keeping only those translations for which the source language word is not in

52



Language
# of pairs

English source English target
Finnish 13722 10723
German 23891 32473
Japanese 11100 50000
Russian 18299 72648
Spanish 15359 22433

Table 3.2: The number of translation pairs in each test set, for each language,
with English as both the source and target language.

the embedding matrix for the source language corpus (i.e., OOV in the source

language), and the target language word is in the embedding matrix for the

target language (i.e., in-vocabulary for the target language). I observed that

some translations in Panlex appear to be noisy. For example, in the case of

the English - Spanish dictionary, some English entries consist of no Latin

letters and appear to be non-English words (e.g., there is an entry for 炙る),

while other entries consist entirely of non-alphabetic symbols (e.g., there is an

entry for —’Auni). I therefore further eliminated any translation for which

the source language word does not appear in the Aspell dictionary (version

0.6) for that language.2 In this way I made sure that all remaining OOVs are

valid and meaningful words. Details of the evaluation datasets are shown in

Table 3.2.

2http://aspell.net/

53

http://aspell.net/


3.3 Results

In this work, I use three approaches, a supervised, a semi-supervised and an

unsupervised method, to learn cross-lingual embeddings in order to make a

comprehensive comparison between methods with various degrees of supervi-

sion. For the supervised method I use a publicly-available implementation of

Lample et al. (2018).3 For the semi-supervised and fully-unsupervised meth-

ods, I use publicly available implementations of the approaches of Artetxe

et al. (2017) and Artetxe et al. (2018b), respectively.4 For all three models, I

use their default settings to learn the transformation matrix, such as number

of iterations and maximum vocabulary size. I stick to their default values,

since these numbers are the optimal numbers used by their authors to keep a

balance between performance and speed.

In order to evaluate the effectiveness of sub-word embeddings, two different

approaches to forming word embeddings by using sub-word information are

considered. For the first approach, I use fastText (Bojanowski et al., 2017) —

discussed in Section 2.1 — to create an embedding matrix for each corpus.

fastText is a method to form word embeddings based on word2vec (Mikolov

et al., 2013a) with a noticeable difference that it uses sub-word information

in the form of character n-grams to train word embeddings. I use the default

fastText parameters, except for the number of dimensions for the embeddings,

which is set to 300, since it is the embedding size for fastText pre-trained

3https://github.com/facebookresearch/MUSE
4https://github.com/artetxem/vecmap
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embeddings.5

For the second approach, I use the method introduced by Zhu et al. (2019b),

which provides a framework to investigate two components of forming sub-

word informed word representations — segmentation of words into their

sub-words, and the effect of different sub-word composition functions. I use

byte pair encoding (BPE) (Sennrich et al., 2016) as the method which provides

sub-word information. I select BPE, since it does not need any additional

tools to be employed for various languages in contrast to approaches which

require language specific tools such as a morpheme analyzer, and it also

is widely used in many other NLP applications (e.g., machine translation

(Sennrich et al., 2016) and language mode (Radford et al., 2019)). In contrast

to fastText, which breaks a word into its character n-grams, BPE breaks a

word into its most frequent consecutive sequences of characters. To train word

embeddings using the Zhu et al. (2019b) framework, I use the default settings,

which use addition as the composition function — similar to fastText — and

do not include an embedding for the whole word itself in the composition

— in contrast to fastText, which does include a representation for the whole

word along with representations for its sub-words. I refer to this approach —

which is based on Zhu et al. (2019b) and incorporates BPE — as BPE.

Results are presented in the following subsections. In subsection 3.3.1, the

results for bilingual lexicon induction for OOVs are presented using the

various approaches to representing OOVs and learning the transformation

5https://fasttext.cc/docs/en/pretrained-vectors.html
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matrix. Subsection 3.3.2 describes a further experiment, in which the test data

consists of both in-vocabulary and OOV source language words (as opposed

to only OOVs). In subsection 3.3.3 I discuss incorporating information from

edit distance, along with information from cross-lingual word embeddings, to

find the best translation for OOVs. The last subsection presents results for

bilingual lexicon induction for OOVs in Cherokee, a truly low-resource source

language.

3.3.1 OOV Bilingual Lexicon Induction

In the case of the supervised method, given source and target language

embeddings, a set of translations is required to learn the transformation

matrix W in Equation 2.5 (page 23). Following previous work (e.g. Lample

et al., 2018; Joulin et al., 2018; Jawanpuria et al., 2019), I use the MUSE

training pairs provided by Lample et al. (2018), which include 5000 unique

source words.6 For training the semi-supervised method, I take a random

sample of 25 pairs from these training pairs. Given a gold-standard evaluation

pair, I construct a representation for its (OOV) source language word by

averaging its sub-word embeddings using fastText or BPE. I then transform

this representation using W , and rank the target language words by the cosine

similarity of their embeddings with this transformed representation of the

source word. I report precision@N — for N = 1, 5, and 10 — where the

system is scored as correct if the gold-standard target word is amongst the

6https://github.com/facebookresearch/MUSE
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Language Method
Precision

English source English target
@1 @5 @10 @1 @5 @10

Finnish

Supervised+FT 1.49 3.55 4.97 2.43 5.67 7.74
Semi-supervised+FT 1.01 3.33 4.27 1.35 3.74 4.95
Unsupervised+FT 1.10 3.24 4.25 1.17 3.65 4.68
Supervised+BPE 0.22 0.64 0.94 0.50 1.13 1.35
Semi-supervised+BPE 0.15 0.70 1.08 0.45 0.77 1.40
Unsupervised+BPE 0.00 0.02 0.02 0.36 0.90 1.13
Copy baseline 0.46 - - 0.27 - -

German

Supervised+FT 2.35 5.60 7.35 3.16 8.07 10.77
Semi-supervised+FT 2.37 5.01 6.57 2.15 6.16 8.16
Unsupervised+FT 2.32 5.15 6.42 2.01 5.80 8.06
Supervised+BPE 0.25 0.63 0.99 0.25 0.73 1.15
Semi-supervised+BPE 0.18 0.60 0.92 0.26 0.73 1.14
Unsupervised+BPE 0.23 0.63 0.93 0 0 0.04
Copy baseline 2.06 - - 0.81 - -

Japanese

Supervised+FT 0.45 1.61 2.17 0.67 1.73 2.33
Semi-supervised+FT 0.95 2.62 3.65 0.36 1.07 1.47
Unsupervised+FT 0.85 2.54 3.73 0.33 1.05 1.42
Supervised+BPE 0.24 0.77 1.01 0.03 0.19 0.25
Semi-supervised+BPE 0.21 0.63 0.98 0 0 0.01
Unsupervised+BPE 0 0 0 0.04 0.13 0.21
Copy baseline 0.13 - - 0.73 - -

Russian

Supervised+FT 2.11 5.14 6.85 3.86 9.19 12.07
Semi-supervised+FT 1.32 3.49 4.74 2.45 6.21 8.35
Unsupervised+FT 1.19 3.45 4.72 2.69 6.69 8.68
Supervised+BPE 0.16 0.47 0.77 0.41 1.19 1.79
Semi-supervised+BPE 0.17 0.52 0.84 0.36 1.18 1.75
Unsupervised+BPE 0 0 0 0.45 1.12 1.69
Copy baseline 0.09 - - 0 - -

Spanish

Supervised+FT 6.09 10.99 13.43 3.69 8.20 10.68
Semi-supervised+FT 5.62 9.85 12.15 3.28 7.26 9.36
Unsupervised+FT 5.63 9.86 12.23 2.93 6.98 9.23
Supervised+BPE 0.63 2.12 2.81 0.30 0.82 1.11
Semi-supervised+BPE 0.83 1.89 2.76 0.26 0.85 1.17
Unsupervised+BPE 0.81 1.84 2.66 0.26 0.83 1.09
Copy baseline 3.56 - - 2.34 - -

Table 3.3: Precision@N for bilingual lexicon induction for the dataset of
translation pairs with OOV source language words. The method is indicated by
“supervision+embeddings”, where supervision is Supervised, Semi-supervised
or Unsupervised, and embeddings is FT for fastText or BPE for the approach
of Zhu et al. (2019) using byte pair encoding. Results for the copy baseline
are also shown. The best precision@N , for each language and translation
direction, is shown in boldface.
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top-N most similar target language words.

I compare against two baselines. I consider a random baseline, which randomly

ranks the target language words for a given source language word. I also

consider a second baseline motivated by a simple approach to handling OOVs

in machine translation, in which the OOV source language word is copied

into the target language. This approach could work well, particularly for

some named entities and borrowings (Sennrich et al., 2016). I refer to this

approach as the copy baseline. Note that the copy baseline only provides one

target language translation for a given source language word, and as such, I

only calculate precision@1 for this method.7

Results are shown in Table 3.3. For all languages and translation directions,

when the source of sub-word information is fastText, precision@1 is higher

using the supervised, semi-supervised and unsupervised methods than using

the copy baseline, except for precision@1 in the case of Japanese with English

as the target language.8 This inconsistent result for Japanese appears to be

due to differences in the test data when English is the source, as opposed to

target, language. When English is the source language, and Japanese is the

target language, there are only 5 pairs in the test data where the source and

target words are identical, i.e., cases where the copy baseline is correct. On

7Razmara et al. (2013) propose an approach to finding translations for OOVs based on
graph propagation. Their method requires a phrase table derived from a parallel corpus.
In contrast, the methods for bilingual lexicon induction considered in this chapter do not
require a parallel corpus. Because of the substantially higher resource requirements of the
method of Razmara et al. I do not compare against this approach.

8For all language pairs, and each value of N considered, precision@N is 0% for the
random baseline (results not shown).
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the other hand, in the case of English being the target language, and Japanese

being the source language, there are 270 pairs where the source and target

words are identical. Overall these findings indicate that, for most languages

considered, and any level of supervision, fastText embeddings outperform the

copy baseline.

The results also indicate that fastText outperforms BPE for this task. In all

cases, when comparing results for the same language, translation direction,

level of supervision, and precision@N , with the only difference being the

source of sub-word information, fastText always outperforms BPE. Zhu et al.

(2019b) noted that BPE is not effective for dealing with OOVs, and I observe

the same here.

Focusing on approaches using fastText, and considering the differing levels of

supervision, I observe that the supervised approach often performs better than

the semi-supervised or unsupervised approaches, and indeed this is always

the case for Finnish, Russian, and Spanish, but there are some exceptions for

German and Japanese. I return to consider the level of supervision in Section

3.3.4 when I consider the case of a truly low-resource language.

I further observe that for each language, the accuracy is higher when English

is used as the target language, than when English is used as the source

language, except for the case of Spanish. Note that English has the largest

corpus among the selected languages, and that I always use the full corpus

for the target language, but a sample for the source language. Therefore, I

expect the embeddings for English as the target language to be higher quality
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than those for English as the source language, which could explain why the

accuracy is higher when English is used as the target language than as the

source language. The inconsistency of this finding in the case of Spanish could

be due to the fact that the copy baseline has the highest accuracy in the case

of Spanish as the target language. I also observe that the best accuracies

are obtained with English as the source language, and Spanish as the target

language when using fastText, and that this holds for all levels of supervision.

Despite the relatively low precision@N for OOV source language words, that

the results are better than baselines indicates that sub-word level information

is transferable across languages via cross-lingual embeddings. Moreover, these

results suggest that this is the case even when the languages considered are

in different language families and not closely related. This could potentially

be applied to improve the handling of OOV words in NLP tasks that rely on

cross-lingual word embeddings, such as low-resource document classification,

POS tagging, and dependency parsing.

3.3.2 Combined In-vocabulary and OOV Test Set

In this subsection I consider an evaluation that considers both in-vocabulary

and OOV source language words. I show that, although the precisions reported

in Table 3.3 are relatively low (albeit better than a baseline), an approach that

incorporates sub-word knowledge outperforms a method that does not, on a

dataset consisting of both in-vocabulary and OOV source language words.

I build a new test dataset consisting of both in-vocabulary and OOV source
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Beginning of Table 3.4

Language Supervision Method

Precision

English source English target

@1 @5 @10 @1 @5 @10

Finnish

Supervised

Copy 12.01 23.30 27.43 25.92 37.04 39.76

FT 12.18 24.28 28.71 25.92 37.42 40.53

BPE 4.09 9.92 12.98 8.40 14.89 17.89

Semi-sup

Copy 11.54 21.00 24.57 21.96 29.98 33.22

FT 11.62 21.88 25.80 21.94 30.39 33.96

BPE 3.32 8.64 11.32 6.58 11.69 13.98

Unsupervised

Copy 11.71 20.97 25.17 22.05 30.84 33.41

FT 11.92 21.92 26.39 21.99 31.20 34.16

BPE 0 0.09 0.09 6.06 11.12 13.12

German

Supervised

Copy 15.33 25.18 27.90 18.72 26.32 28.46

FT 15.29 26.31 29.63 19.02 27.69 30.56

BPE 5.05 11.01 14.16 6.83 12.17 14.40

Semi-sup

Copy 16.07 24.79 27.60 19.62 26.37 28.72

FT 16.15 25.78 29.15 19.86 27.72 30.88

BPE 5.44 11.79 13.99 6.02 10.68 12.86

Unsupervised

Copy 16.33 24.97 27.26 16.45 23.42 25.51

FT 16.45 26.12 28.76 16.79 24.73 27.64

BPE 4.84 10.58 13.43 0.09 0.27 0.43

Japanese

Supervised

Copy 20.34 29.98 33.08 13.66 22.29 24.23

FT 20.55 30.57 33.93 13.70 22.60 24.66

BPE 6.45 11.12 14.23 4.43 10.21 13.87

Semi-sup

Copy 19.79 28.75 30.79 10.14 16.22 18.28

FT 19.87 29.21 31.46 10.25 16.74 18.88

BPE 6.05 11.11 14.18 4.31 9.21 13.64

Unsupervised

Copy 20.38 28.70 31.38 9.98 15.58 17.53

FT 20.47 29.13 32.19 10.10 15.99 18.06

BPE 5.68 9.45 12.32 4.20 10.13 12.44
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Continuation of Table 3.4

Russian

Supervised

Copy 14.73 25.52 28.22 22.25 29.71 31.57

FT 14.90 25.87 28.88 22.57 30.74 33.44

BPE 5.61 12.16 15.12 11.78 19.15 21.69

Semi-sup

Copy 13.05 24.02 27.16 19.32 26.89 29.04

FT 13.13 24.36 25.57 19.83 27.72 30.88

BPE 5.13 10.96 13.79 11.18 17.17 19.74

Unsupervised

Copy 12.91 24.28 27.33 19.99 27.37 29.59

FT 12.95 24.62 27.93 20.50 28.59 31.25

BPE 0.09 0.09 0.13 9.79 15.54 17.72

Spanish

Supervised

Copy 24.06 34.47 36.42 27.39 34.86 37.27

FT 24.06 35.62 38.33 27.52 35.72 38.57

BPE 11.20 19.40 22.10 11.77 18.93 21.82

Semi-sup

Copy 25.17 34.20 36.11 27.35 34.30 36.97

FT 25.24 35.47 37.95 27.57 35.16 38.27

BPE 11.91 19.04 21.66 12.33 19.32 21.91

Unsupervised

Copy 25.03 34.07 35.93 25.97 32.44 34.30

FT 25.16 35.21 37.73 26.17 33.13 35.38

BPE 11.38 18.51 21.30 11.64 18.24 20.27

Table 3.4: Precision@N for bilingual lexicon induction for the test set con-
taining both in-vocabulary and out-of-vocabulary words. Results are shown
for each language, with English as both the source and target language, for
cross-lingual embeddings formed using each level of supervision. “Copy” refers
to handling OOVs using the copy baseline, while “FT” indicates employ-
ing fastText sub-word embeddings, and “BPE” means using BPE sub-word
embeddings to find translations for OOVs. The best precision@N , for each lan-
guage, translation direction, level of supervision and the subword embedding
method, is shown in boldface.

language words. For each language, I select 1500 test pairs that are in-

vocabulary in both the source and target languages from the data of Lample
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et al. (2018),9 and an equal number of test pairs from the previous test data,

i.e., test pairs that are OOV for the source language, and in-vocabulary for

the target language.

In these experiments, as in the previous experiments, I compose the represent-

ations of OOV source language words from their sub-word embeddings. In

the case of in-vocabulary source language words, I use their embeddings as

their representation. I then use the transformation matrix to find their target

language translations. I refer to the approach which uses fastText’s sub-word

information for OOVs as “FT”, and refer to the approach which uses BPE’s

sub-word information for OOVs as “BPE”, I compare this against a method

that does not use sub-word embeddings. For this latter method, I again use

word embeddings to represent in-vocabulary words and use the transformation

matrix to find their target language translations. However, in the case of

OOV source words, I apply the copy baseline. I refer to this method — that

has no knowledge of sub-words, and relies on the copy baseline to translate

OOVs — as “Copy”. For this approach, I employ the fastText embeddings.

Results are shown in Table 3.4. For all languages, with English as either the

source or target language, and for every level of supervision, the FT approach

outperforms the Copy approach, except in a small number of cases, specifically

Finnish as the source language for precision@1 using the semi-supervised

and unsupervised approaches, German as the target language for precision@1

9I found very few of the words in these translation pairs to be OOV in the training
corpora, motivating the construction of the dataset described in Section 3.2.
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using the supervised approach.

I carried out the experiments described in this sub-section using BPE, and the

results are indeed relatively poor. For all languages, and levels of supervision,

the Copy baseline and FT outperform BPE by a great margin. BPE especially

performs quite poorly in the case of the unsupervised setting. These findings

are inline with the results in Table 3.3 that BP performs very poorly compared

to FT.

Overall these findings indicate that transferring information between languages

using sub-word information is not dependent on the method for learning the

transformation matrix, and that it is possible to make cross-lingual methods

more accurate, and robust with respect to OOVs, by incorporating sub-word

information.

I applied McNemar’s test with continuity correction to determine whether the

results using the FT method were significantly different from those using the

Copy method. To avoid carrying out an overly-large number of tests, I only

conduct tests for the supervised method — which based on the findings in

Table 3.4 often gives the best performance — and for precision@10 — where

the accuracies are highest — although I do so for English as both the source

and target language. In each case, the p value is well below the threshold of

0.05 (p < 0.0002 in each case) indicating that the difference between Copy

and FT is significant in the case of the supervised method for precision@10.
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3.3.3 Interpolation with String Similarity

Braune et al. (2018) considered English–German bilingual lexicon induction

for rare words. Their approach incorporated sub-word embeddings, and

also knowledge about the edit distance between two words. I therefore also

considered incorporating edit distance into my approach for bilingual lexicon

induction for OOVs. In these experiments, I only considered the supervised

method to form cross-lingual word embeddings, and fastText embeddings

as the source of sub-word information. I considered only these approaches

because of the previous findings that fastText outperforms BPE, and that

the supervised method often performs best.

In this approach, I rank target language words using the following linear

combination:

λsim(s, t) + (1− λ)NMED(s, t) (3.1)

where sim is cosine similarity, i.e., computed from cross-lingual embeddings;

NMED is normalized minimum edit distance; and s and t are a source and

target language word, respectively.

For these experiments I randomly sampled 1000 test pairs, and 1000 developm-

ent pairs from each dataset, i.e., the datasets built from Panlex, in Table

3.2.10 In these experiments, as for subsection 3.3.1, all the source language

words are OOVs and all the target language words are in-vocabulary. The

development data was used to tune λ by grid search over the range of 0 to 1

10I downsampled the datasets due to the large number of edit distance calculations
required in this evaluation.
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in increments of 0.1. I did not consider Japanese and Russian because they do

not use the Latin alphabet and the edit distance between these languages and

English does not provide any useful information. For each language, λ = 0.7

gave the best results on the development data.

Results are shown in Table 3.5. Focusing on precision@1, in each case

considered, combining knowledge from embeddings and edit distance improves

over using either on its own, indicating that these two sources of information

are complementary.11 In terms of precision@5 and @10 I see the same trend,

although there are some exceptions for Finnish. Nevertheless, I do not see the

massive gains in absolute accuracy from incorporating edit distance reported

by Braune et al. (2018), i.e., they achieve gains of 13.8 percentage points in

some cases for precision@1, while the highest I achieve is 4.22 percentage

points, suggesting that finding translations for OOVs might be particularly

challenging compared to finding translations for low frequency words attested

in a corpus.

3.3.4 Low-resource Language Experiments

So far I have simulated lower-resource languages by down-sampling the source

language corpora. In this section, I consider the case of Cherokee, a true

low-resource language. Cherokee is an endangered Iroquoian language, spoken

in the United States, with approximately 2k speakers. It is a polysynthetic

11The results for λ = 1 differ from those in Table 3.3 because they are for a sample of
the full dataset.
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Language λ
Precision

English source English target
@1 @5 @10 @1 @5 @10

Spanish

0 2.64 5.64 6.59 2.34 6.21 7.14
0.7 6.12 9.11 11.03 5.27 9.60 10.19
1 3.60 5.76 7.31 1.05 3.28 4.33

Copy baseline 1.44 - - 0.82 - -

German

0 1.10 2.32 2.87 0.67 1.56 2.11
0.7 2.21 5.51 6.39 2.78 6.56 8.12
1 0.99 2.98 3.86 1.89 4.00 6.34

Copy baseline 0.66 - - 0.44 - -

Finnish

0 0.35 0.70 0.93 0 0 0.37
0.7 0.70 1.40 2.10 1.48 2.21 2.21
1 0.58 1.40 1.87 0.74 2.95 3.32

Copy baseline 0.00 - - 0.00 - -

Table 3.5: Precision@N incorporating edit distance for OOV source. The
best precision@N , for each language, translation direction and evaluation
measure, is shown in boldface.

language written using a syllabary. It is also a moribund language, which

means it is an endangered language that is likely to be extinct in the near

future.

In these experiments, I use Cherokee as the source language, and English as

the target language. Because of the previous findings that fastText embed-

dings outperform BPE, I again only consider fastText embeddings in these

experiments. Specifically, I use fastText embeddings pre-trained on Cherokee

Wikipedia.12 The embedding table for Cherokee contains only 7033 words.

For English embeddings, I use the embeddings trained on the full English

12https://fasttext.cc/docs/en/pretrained-vectors.html
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Language Supervision
Precision

English target
@1 @5 @10

Cherokee
Supervised 0.75 2.12 2.49
Semi-supervised 0.00 0.00 0.00
Unsupervised 0.00 0.00 0.00
Copy 0.00 - -

Table 3.6: Precision@N for Cherokee, using English as the target language,
for each level of supervision. The best precision@N is shown in boldface.

Wikipedia from the previous experiments.

I build training and test datasets from the English–Cherokee translations in

Panlex. For the supervised method, I use all pairs for which both the English

and Cherokee words are in-vocabulary for their respective word embedding

models as training instances. This gives 1143 training instances. From these

training pairs, a subset of 25 pairs is selected to train the semi-supervised

method. For test data, I use all translation pairs for which the source Cherokee

word is OOV, and the target English word is in-vocabulary, which gives a

total of 1050 test instances.13

Results are shown in Table 3.6. These results indicate that, in the case of

a morphologically-rich, truly low-resource language, sub-word embeddings

— along with a supervised approach to learning a transformation matrix

— provide information about translations for OOV words. However, the

precision@N for the semi-supervised and unsupervised methods is 0.00%,

13I do not consider the case of a test set consisting of both in-vocabulary and OOV
source language words because only 1143 translation pairs are in-vocabulary for both
languages, all of which are used for training the supervised approach.
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which suggests that in the case of a truly low-resource language, these methods

might not be capable of handling OOVs.14

3.4 Summary

In this chapter I considered whether sub-word embeddings can be leveraged

in cross-lingual word embedding models. Specifically I evaluated sub-word

embeddings in a novel bilingual lexicon induction task in which I identify

target language translations for OOV source language words. The findings

indicate that, although the accuracy is not high in absolute terms, sub-

word embeddings nevertheless provide information that can be leveraged for

identifying translations for OOV words, including in the case of a truly low-

resource, morphologically-rich language, specifically Cherokee. I additionally

showed that sub-word embeddings can be leveraged to find translations in the

case that the test data consists of a mixture of both OOVs and in-vocabulary

words. The findings further indicate that bilingual lexicon induction for OOVs

can be improved by incorporating orthographic similarity.

14A random baseline is also considered but as in the previous sections, it yields a
precision of 0.00%
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Chapter 4

Sub-word Level Cross-lingual

Word Representations

In this chapter, I propose a model that can learn cross-lingual word embeddings

from a modest amount of monolingual data and a bilingual dictionary. I rely

on bilingual dictionaries because they are relatively-widely available. For

example, Panlex (Baldwin et al., 2010) is a translation resource that combines

many bilingual dictionaries and provides translations for 5700 languages.

The proposed model is an extension of the method proposed by Duong

et al. (2016). In their work, they only considered word embeddings, and so

their method is unable to form representations for OOVs and therefore is

not expected to perform well for low-resource or morphologically-rich target

languages. I extend the method of Duong et al. (2016) by incorporating sub-

word information in the process of training cross-lingual word embeddings.
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In this way, a shared embedding space is formed that not only contains

embeddings for both source and target language words, but that has also been

enriched with sub-word embeddings enabling representations to be formed

for OOVs.

The structure of this chapter is as follows. In Section 4.1 I describe the base

model and give a very detailed explanation of how the method of Duong

et al. (2016) works. Then in Section 4.2 I demonstrate the proposed method

and how sub-word information is incorporated during training. Section 4.3

presents the experiments and results. More specifically, in Section 4.3.1.1,

I show the impact of incorporating sub-word information during training

by evaluating the proposed method and Duong et al. in a bilingual lexicon

induction task. Then to demonstrate that the proposed method is also

effective in a monolingual space, I show the results for monolingual word

similarity in Section 4.3.1.2. I further show the impact of the proposed

method on downstream tasks in Section 4.3.2. In Section 4.3.3, in order to

show the effectiveness of the proposed method in the case of low-resource

and morphologically-rich languages, the results of a series of experiments,

i.e., bilingual lexicon induction on in-vocabulary and OOV words, on 12

low-resource and morphologically-rich languages are shown. This chapter,

except for Section 4.3.3, is an extended version of Hakimi Parizi and Cook

(2020b).
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4.1 Joint Training with Pseudo-bilingual Cor-

pora

Duong et al. (2016) introduce an approach to learning cross-lingual word

representations that can jointly learn representations for words in two lan-

guages — referred to as the source and target language — without requiring a

parallel corpus. This method is an extension of CBOW (Mikolov et al., 2013a)

that uses a pseudo-bilingual corpus which is built using two monolingual

corpora and a bilingual dictionary. A prefix is added to each word in each

monolingual corpus indicating its language. Then, the monolingual corpora

are concatenated and the sentences are shuffled. Also, each center word is

replaced by its translation on-the-fly during the CBOW training procedure.

This process leads to the construction a pseudo-bilingual corpus. The CBOW

objective function — shown in Equation 4.1 — is only capable of captur-

ing monolingual similarities, thus Equation 4.2 is proposed to adapt it to

cross-lingual settings.

O =
∑
i∈D

(log σ(uTwi
hi)+

p∑
j=1

Ewj∼Pn(w) log σ(−uTwj
hi))

(4.1)
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O =
∑

i∈Ds∪Dt

(α log σ(uTwi
hi)+

(1− α) log σ(uTw̄i
hi)+

p∑
j=1

Ewj∼Pn(w) log σ(−uTwj
hi))

(4.2)

where hi encodes the context vector, w̄i is the translation of wi, α is a weight

parameter, p is the number of negative samples, and Ds and Dt are the source

and target language vocabularies, respectively. In Equation 4.1, D is the

vocabulary of the monolingual corpus. The intuition behind this approach is

similar to CBOW. For each context window, it tries to predict the middle

word, wi, based on the context it appears in, hi. The one difference here

compared to CBOW is that not only does the method try to predict wi,

but also it replaces wi with its translation, w̄i, and attempts to predict the

translation based on hi. In this way, since the word and its translation are

learned by appearing in the same context, their embeddings will be located

closer to each other in the vector space.

Duong et al. (2016) also propose an approach to finding the best translation

for polysemous words using the expectation maximization algorithm. They

argue a word’s meaning is dependent on the context that it appears in, and

it is possible to find the correct translation for a polysemous word by looking

at the context and finding a translation that conveys a similar meaning as

the words in the context. It is done by computing the cosine similarity of the

context window — the average of the embeddings for words in the context —
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and the possible translations in the bilingual lexicon seed. The translation

which achieves the highest similarity score is selected as the correct translation.

Thus the translation for a word is selected based on its context. Equation 4.3

demonstrates their solution for dealing with polysemous words, where w̄i is

a possible translation, hi denotes the context and cosine is cosine similarity

between the vector representation of the translation and the context.

translation = max
W̄

cosine(w̄i, hi) (4.3)

Duong et al. (2016) further argue that each of the matrices V and U in

word2vec encode different information: V is better for capturing monolingual

characteristics, whereas U preserves cross-lingual information. In each update,

the words in the context are updated in the matrix V and the target word

and negative samples are updated in the matrix U. Therefore, in each update

context words get closer to each other in V and the target word gets further

away from the negative samples in U. In the method introduced by Duong

et al. (2016), aside from the target word and its context, the translation word

also gets updated in U. Therefore, the word and its translation get closer

to each other in the matrix U and they get further away from the negative

samples. Duong et al. (2016) achieve their best results in both monolingual

and cross-lingual evaluations by combining V and U during the training

phase using a regularization term, δ, in the objective function, Equation 4.4.
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I refer to this approach as duong2016.

O′ = O + δ
∑

w∈Vs∪Vt

‖ uw − vw ‖2
2 (4.4)

4.2 Joint Training Incorporating Sub-word

Information

Incorporating sub-word information in training word embeddings enhances

the quality of the learned embeddings (Bojanowski et al., 2017). Moreover,

because sub-word embeddings can be used to construct representations for

OOVs, approaches that incorporate sub-word embeddings are better-suited

for low-resource and morphologically-rich languages which are expected to

have relatively high rates of OOVs. Therefore, I extend duong2016 by

incorporating sub-word information during training.

To incorporate sub-word information, I follow a similar approach to Bo-

janowski et al. (2017). They introduce a novel word embeddings method,

based on word2vec, that represents a word as the sum of its character n-grams

and learns an embedding for each of these n-grams, which are called sub-words.

Each word in the training corpus is augmented with special beginning and

end of word markers. Each word is then represented as a bag of character

sequences (i.e., sub-words); in my experiments I consider sequences of length

3–6 characters. I additionally include the entire word itself (with beginning

and end of word markers) among the sub-words. The embedding for a word
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is formed by averaging its sub-word embeddings. This gives the following

objective function:

O =
∑

i∈Ds∪Dt

(α logS(wi, hi) + (1− α) logS(w̄i, hi)

+

p∑
j=1

Ewj∼Pn(w) log−S(wj, hi))

(4.5)

where S, shown in Equation 4.6, measures the similarity between a word and

context, taking into account sub-words:

S(w, h) =
1

|Gw|

∑
g∈Gw

zTg h (4.6)

where Gw is the set of sub-words appearing in w, and zg is the sub-word

embedding for g. To calculate h, I average representations for each word

appearing in the context, where each word is represented by the average of

its sub-word embeddings.

4.3 Experiments

In this section, I describe the experiments which are conducted to demonstrate

the advantage of incorporating sub-word information in the process of training

cross-lingual word embeddings. This section is divided into three subsections.

In the first subsection, I describe preliminary experiments, which are con-

ducted by following Duong et al. (2016), in order to show the advantages of the
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proposed model in a comparable way to the original paper and also provide a

way to systematically find the best parameter settings for each method. In the

second subsection the results and details of an extrinsic evaluation, document

classification, are shown to demonstrate the ability of the proposed model to

give improvements on a downstream task. The last subsection is dedicated

to prove my claim that this method is a suitable choice for low-resource and

morphologically-rich languages. In each subsection different languages are

employed for the experiments and consequently different resources, therefore

the resources for each experiment are described separately in each subsection.

4.3.1 Intrinsic Evaluation

Following Duong et al. (2016), two intrinsic evaluations, bilingual lexicon

induction (BLI) and monolingual word similarity, are chosen to demonstrate

the performance of duong2016 and the proposed method in two different

settings, cross-lingual and monolingual.

4.3.1.1 Bilingual Lexicon Induction

For evaluation, I begin by simulating lower-resource languages using 5 well-

resourced languages: Dutch, English, German, Italian and Spanish. These

languages are those considered by Duong et al. (2016). I only consider pairs of

languages with English as either the source or target language, and one of the

remaining 4 languages as the other language, to be able to use a widely-used

evaluation data-set, MUSE (Lample et al., 2018), which only has pairs of

77



translations from English to other languages and other languages to English.

To train word embeddings for these languages, I use pre-processed Wikipedia

dumps (Al-Rfou’ et al., 2013), which are already tokenized and cleaned. To

simulate the case of lower-resource languages, following Duong et al. (2016),

I randomly select 5 million sentences for each language from their Wikipedia

dump. Table 4.1 shows the number of tokens and types in each corpus.

I use a bilingual dictionary extracted from Panlex as the cross-lingual signal

in the proposed approach. My study builds on the work of Duong et al.

(2016), and so I use the same dictionaries that they did, which were extracted

from Panlex.1. It should also be noted that before training the cross-lingual

embeddings, the MUSE test pairs are removed from the Panlex training

dictionary. Table 4.1 also shows the size of each dictionary, with English as

the source language, and the other language as the target language.2 The

coverage of the dictionary with respect to the number of tokens, types, and

embeddings learned is also shown. For example, 68% coverage for Italian

tokens means that 68% of tokens in the Italian corpus occur in the bilingual

dictionary.

Bilingual lexicon induction (BLI) is a standard task to evaluate the quality of

cross-lingual word embeddings (Vulić and Moens, 2013; Artetxe et al., 2017;

Ruder et al., 2019). In this task, I try to find the translation of a source

language word in the target language by looking at its nearest neighbours in

1https://github.com/longdt219/XlingualEmb
2The dictionary size for English is therefore not shown.
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Language Family Tokens Types Embeddings Dict. entries
Dutch Germanic 84M (64%) 1.3M (8%) 303K (28%) 406K
English Germanic 121M 1.1M 240K -
German Germanic 92M (68%) 1.8M (8%) 411K (25%) 964K
Italian Romance 119M (68%) 1.2M (7%) 304K (22%) 560K
Spanish Romance 130M (75%) 1.1M (7%) 279K (22%) 712K

Table 4.1: The size of the corpus for each language, in terms of the number
of tokens and types. The language family, number of embeddings learned
from each corpus, and number of entries in the bilingual dictionary, are also
shown for each language. The parenthetical numbers indicate coverage in the
dictionary.

the shared cross-lingual space. Ideally, a word and its translation would be

located close to each other in the shared cross-lingual word embedding space.

Here I focus on comparing the proposed method with duong2016 and so in

all cases, English is the target language and the other languages are treated

as the source language.

Following previous work (e.g. Lample et al., 2018; Joulin et al., 2018; Jawan-

puria et al., 2019), I consider MUSE test sets for evaluation. Word pairs

occurring in both the MUSE test sets and my training dictionaries are removed

from the training data before training the embeddings. I report precision@N

— for N = 1, 5, and 10 — where the system is scored as correct if the gold-

standard target word is amongst the top-N most similar target language

words (Ruder et al., 2019). I use cosine as the similarity measure.

Results are shown in Table 4.2. I begin by considering duong2016 and

my model using the best parameter settings from Duong et al. (2016), i.e.,

a learning rate of 0.025, 25 negative samples, a window size (c) of 48, an
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Model
es–en it–en nl–en

@1 @5 @10 @1 @5 @10 @1 @5 @10
duong2016 (c = 48, d = 200) 54.59 83.12 86.87 45.98 77.11 81.79 40.73 71.72 77.06
duong2016 (c = 5, d = 200) 28.20 70.26 76.36 21.08 60.78 67.47 24.36 55.07 62.65
duong2016 (c = 20, d = 200) 50.50 82.92 87.07 41.83 77.11 81.53 41.41 72.19 77.88
duong2016 (c = 48, d = 300) 50.90 83.86 87.54 44.24 77.44 82.33 38.16 71.31 77.67
Proposed Model (c = 48, d = 200) 60.15 79.84 84.26 54.62 73.83 78.92 42.25 67.39 72.80
Proposed Model (c = 5, d = 200) 41.39 78.63 85.06 36.21 72.42 79.45 36.54 69.15 76.25
Proposed Model (c = 20, d = 200) 59.14 83.12 87.27 54.02 77.64 82.00 47.56 73.00 78.69
Proposed Model (c = 20, d = 300) 60.21 84.53 89.28 55.15 80.12 84.94 46.21 74.83 80.11
VecMap 81.27 91.07 93.27 76.13 86.87 89.47 71.53 83.93 86.53

Table 4.2: Precision@N for bilingual lexicon induction. The best performance,
for each dataset and evaluation measure, is shown in boldface.

embedding size (d) of 200, sub-sampling of 1e−4, α of 0.5, and δ set to 0.01.3 In

terms of precision@1, my model out-performs duong2016 for each language,

but for precision@5 and precision@10, duong2016 performs better.

A window size of 48 takes into account a relatively large amount of context for

the target word; however, when incorporating sub-words, as for the proposed

model, this wide context could also add noise because of the large number

of sub-words in the context, and the wide range of contexts in which sub-

words occur. I therefore consider a window size of 5, the fastText default,

and 20, which balances having a larger window size against introducing too

much noise. Results are shown for this setup for both duong2016 and the

proposed model. For both models, a window size of 5 performs relatively

poorly. For duong2016, the original window size of 48 performs best in terms

3The differences between the results for duong2016 here and the numbers reported in
Duong et al. (2016) are due to differences in the test set. I use the MUSE test set, which
was not available in 2016, but is more widely used now.
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of precision@1 for Spanish and Italian, but not Dutch. For my proposed model,

the intermediate window size of 20 performs best, except for precision@1 for

Spanish and Italian. These results suggest that a model including sub-word

information might not be able to use information from a very wide context

as effectively as a word-only model.

Next I consider increasing the embedding size to 300, which is commonly used

for fastText (Bojanowski et al., 2017). I consider this for the best window

size for each model, i.e., 48 for duong2016 and 20 for the proposed model.4

The proposed model with a window size of 20 and embedding size of 300

outperforms duong2016 for all parameter settings considered, for all lan-

guages and evaluation measures. The difference between the proposed model

in this configuration, and duong2016 using its original parameter settings,

is significant (p < 4.31e−6) using a one-sided McNemar’s test with continuity

correction. This demonstrates that incorporating sub-word knowledge during

training of cross-lingual word embeddings enhances the quality of the resulting

word representations.

These are not state-of-the-art results, where prior work has obtained higher

precision. As a point of comparison, I also present results for VecMap

(Artetxe et al., 2018a), a supervised mapping-based approach. These results

for VecMap are achieved using fastText embeddings trained on full Wikipedia

corpora for each language. My proposed model, on the other hand, is trained

4I also considered a window size of 20 and embedding size of 300 for duong2016, but
this did not give improvements.
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on substantially smaller corpora because I focus on approaches that could be

applied to lower-resource languages. mBERT and Chaudhary et al. (2018)

are further points of comparison that I do not include because of the resource

requirements, and reliance on language-specific tools, respectively, of these

methods.

For the rest of the chapter, the “proposed model” refers to the model with an

embedding size of 300 and window size of 20. Since changing the window and

embedding sizes does not consistently lead to improvements for duong2016,

and has a negative impact on precision@1, I continue to use the best parameter

settings from Duong et al. (2016) for this method.

4.3.1.2 Monolingual Word Similarity

Here I evaluate the quality of cross-lingual word representations in a monolin-

gual setting. I compare cross-lingual embeddings from the proposed model

and duong2016. I further consider monolingual embeddings from fastText,

a well-known method to learn embeddings that uses sub-word information, as

a baseline. I consider several parameter settings for fastText. In particular,

I consider the best parameter settings for duong2016 (CBOW, c = 48,

d = 200), the best parameter settings for the proposed model (CBOW, c = 20,

d = 300), and commonly-used fastText settings (skipgram, c = 5, d = 300,

and 5 negative samples). In addition, I consider three corpus sizes to train

fastText: 5 million sentences (i.e., the same amount of monolingual text

that duong2016 and the proposed method are trained on), 10 million sen-
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tences (the total amount of text in both languages that duong2016 and the

proposed method are trained on), and full Wikipedia corpora. For the full

Wikipedia corpora I only consider the commonly-used parameter settings.

For predicting word similarity, I use cosine as the similarity score.

Following Duong et al. (2016), I consider English and German for these

experiments. I use three datasets for evaluation: English WordSim353 (WS-

en, Finkelstein et al., 2002), German WordSim353 (WS-de, Luong et al.,

2015), and Stanford Rare Words (RW-en Luong et al., 2013). The number

of OOVs in WS-en and WS-de is very low (none for WS-en, and two for

WS-de). For these datasets, I therefore report results only for in-vocabulary

items. For RW-en, however, roughly 25% of the test pairs include an OOV.

For this dataset I therefore also report results considering both in-vocabulary

words and OOVs (referred to as “RW-en+OOV”). Because duong2016 is not

capable of forming representations for OOVs, in such cases I assign these test

pairs the average cosine similarity score over test pairs that are in-vocabulary.

Table 4.3 shows the results. For each dataset, the proposed model outperforms

duong2016, and also fastText, in all configurations considered. These results

indicate that a cross-lingual signal can be used to not only form a cross-lingual

shared space, but also to enhance the quality of monolingual embeddings.

Note that duong2016 improves over fastText on WS-en and WS-de, but not

on RW-en (or RW-en+OOV). This indicates that sub-word information is

particularly important for forming representations for low-frequency words.
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Model WS-en WS-de RW-en RW-en+OOV
duong2016 74.46 69.72 44.06 37.68
Proposed Model 75.67 70.49 51.57 49.51
trained on 5 million sentences
fastText (CBOW, c = 48, d = 200) 55.40 46.91 40.56 39.77
fastText (CBOW, c = 20, d = 300) 53.66 43.73 37.92 37.35
fastText (skipgram, c = 5, d = 300) 69.02 63.79 49.50 47.94
trained on 10 million sentences
fastText (CBOW, c = 48, d = 200) 57.72 45.18 41.31 40.74
fastText (CBOW, c = 20, d = 300) 54.55 42.62 38.85 38.36
fastText (skipgram, c = 5, d = 300) 69.91 60.90 49.74 48.74
trained on full Wikipedia corpora
fastText (skipgram, c = 5, d = 300) 73.77 66.63 48.61 48.09

Table 4.3: Spearman’s correlation for monolingual similarity on each dataset,
for each method considered. The best performance on each dataset is shown
in boldface.

4.3.1.3 Summary

In this section, I proposed an approach to learning cross-lingual word em-

beddings that incorporates sub-word information during training, and relies

on only monolingual corpora and a bilingual dictionary for training. This

approach could be particularly well-suited to lower-resource, morphologically-

rich languages, for which large parallel corpora are not available. I evaluated

the proposed approach, on a variety of simulated lower-resource languages,

for the tasks of BLI and monolingual word similarity. The results on BLI and

monolingual word similarity indicated that incorporating sub-word informa-

tion during training enhances the quality of the resulting cross-lingual, as well

as monolingual, representations. Now that I demonstrated the superiority

of the proposed method on two intrinsic tasks and compared it against the
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original method of Duong et al. (2016), the next section will be dedicated to

showing the effectiveness of the proposed model in a downstream task.

4.3.2 Extrinsic Evaluation

Here I consider an extrinsic evaluation which uses cross-lingual word embed-

dings in a downstream task, specifically cross-lingual document classification.

This task is motivated by the situation where sufficient labelled training data

is not available for a low-resource language. I consider zero-shot classification,

i.e., I train a classifier and tune parameters on a rich-resource source language,

and then apply the classifier directly to documents in a low-resource target

language. In order to show that the embeddings obtained from the proposed

model are of a high quality, I also present the results for supervised document

classification, in which a classifier is trained on the labelled data of a language

and then applied on a test set of the same language.

4.3.2.1 Resources

Following previous work (e.g., Artetxe and Schwenk, 2019; Wu and Dredze,

2019), I use the MLDoc dataset (Schwenk and Li, 2018), which is a subset

of the RCV1/RCV2 datasets (Lewis et al., 2004) with balanced classes for

training, development, and test sets for the following languages: Chinese,

English, French, German, Italian, Japanese, Spanish, and Russian. It has 1000

documents in each of the training and development sets, and 4000 documents

in the test set, for each language. Following Artetxe and Schwenk, I use
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Language Family Tokens Types Embeddings Dict. entries
Chinese Sino-Tibetan 30M (64%) 0.2M (20%) 86K (43%) 1983K
English Germanic 121M 1.1M 240K -
French Romance 135M (80%) 1.1M (9%) 288K (30%) 1068K
German Germanic 92M (68%) 1.8M (8%) 411K (25%) 964K
Italian Romance 119M (68%) 1.2M (7%) 304K (22%) 560K
Japanese Japanese 22M (76%) 0.3M (21%) 107K (47%) 736K
Russian Slavic 84M (56%) 1.7M (7%) 445K (68%) 1594K
Spanish Romance 130M (75%) 1.1M (7%) 279K (22%) 712K

Table 4.4: The size of the corpus for each language, in terms of the number
of tokens and types. The language family, number of embeddings learned
from each corpus, and number of entries in the bilingual dictionary, are also
shown for each language. The parenthetical numbers indicate coverage in the
dictionary.

English as the source language, and the other languages as target languages.

This direction is chosen since my goal is to train a classifier on a rich-resource

language that has plenty of available training data and then directly apply

it on a low-resource language that does not have any labeled training data

available.

This study builds on the work of Duong et al. (2016), and so for languages

that they consider — Dutch, German, Italian, Japanese, and Spanish — I use

the same dictionaries that they did, which were extracted from Panlex.5 For

Chinese, French, and Russian I extract dictionaries from Panlex using the

same approach as Duong et al. To build corpora to train embeddings, again

following previous work (Duong et al., 2016; Klementiev et al., 2012), I first

randomly sample 400k sentences for each of the source and target language

5https://github.com/longdt219/XlingualEmb
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from RCV1/RCV2,6 and then combine these in-domain corpora with larger

Wikipedia corpora. I use the Wikipedia corpora described in Table 4.4.

4.3.2.2 Zero-Shot Document Classification

First I consider zero-shot classification, i.e., I train a classifier and tune

parameters on the source language, and then apply the classifier directly

to target language documents. Following Artetxe and Schwenk (2019), I

use English as the source language, and use the other languages as target

languages.

I represent documents as the average of their words’ embeddings, where

the embeddings are learned by the proposed approach from the corpora

described above. I then use a feed-forward classifier (LASER, Artetxe and

Schwenk, 2019), which has been previously applied to cross-lingual document

classification, with one hidden layer of 10 hidden units, a learning rate of

0.001, dropout set to 0.2, and a batch-size of 12, as suggested by Artetxe and

Schwenk.

I compare the proposed approach against several benchmarks. First I consider

the same approach described above, but using embeddings from duong2016

instead of the proposed approach. In this case, embeddings for OOVs are not

available, and so OOVs are simply ignored in forming document represent-

ations. I further consider two strong benchmark approaches — LASER

6I sampled 80k documents for both the source and target languages, and then sampled
400k sentences. For Spanish, Italian, Russian and Chinese I use all of their RCV2 documents
because the total number of documents available for these languages is less than 80k.
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Model
Target language

Chinese French German Italian Japanese Russian Spanish Average
duong2016 54.12 87.82 86.95 73.88 71.12 50.15 77.90 71.71
LASER 70.98 78.03 86.25 70.20 60.95 67.25 79.30 73.28
mBERT 76.9 72.06 80.2 68.9 56.5 73.7 72.6 71.55
Proposed Model 69.55 86.45 90.22 72.90 74.62 53.30 78.47 75.07
XLMftUDA 93.32 96.05 96.95 - - 89.07 96.8 -

Table 4.5: Accuracy on the MLDoc zero-shot cross-lingual document classifi-
cation task, for each model and target language, with English as the source
language. The average accuracy over all target languages is also shown.

(Artetxe and Schwenk, 2019) and mBERT (Devlin et al., 2019) — that are

widely used for comparison (e.g., Wu and Dredze, 2019; Patidar et al., 2019;

Keung et al., 2019). Artetxe and Schwenk recently improved their model,

and reported updated results.7 I use these improved results for comparison. I

use mBERT results reported by Wu and Dredze (2019).

Results are shown in Table 4.5. None of the approaches considered performs

best for all languages. However, in terms of the average accuracy over all

target languages, the proposed model performs better than duong2016,

LASER and mBERT. It is worth noting that the proposed model is trained

on only 5.4 million sentences in each language, and does not require a parallel

corpus. LASER, the next best method in terms of average accuracy, on

the other hand, is trained on 225 million parallel sentences. Furthermore,

the proposed model outperforms mBERT — a very large language model-

based approach — on average, and for all target languages except Chinese

and Russian. The current state-of-the-art for MLDOC is XLMft UDA (Lai

7https://github.com/facebookresearch/LASER/tree/master/tasks/mldoc
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et al., 2019). This model is pre-trained for 15 languages, but not Italian and

Japanese, and so results are not available for these languages. XLMft UDA

does however substantially out-perform the proposed model on the other

languages, but also requires a large parallel corpus for training.

4.3.2.3 Supervised Document Classification

To evaluate the performance of the proposed model in a monolingual downstr-

eam task, I also consider a supervised document classification setup. In this

setup, one classifier is trained separately for each language, using the training

and validation sets in MLDOC. I use the same document representations and

parameter settings as in the previous cross-lingual document classification

experiments.

Results are shown in Table 4.6. In terms of average accuracy, mBERT performs

best, although the accuracies for the proposed model and duong2016 are

quite close, with the proposed model narrowly outperforming duong2016.

For each language, the proposed model (as well as duong2016 and mBERT)

outperforms LASER. Although the proposed model is relatively simple and

inexpensive to train, and does not require a parallel corpus, it performs

roughly on par with, or better than, more complex models that are trained on

much larger corpora. The current state-of-the-art for supervised classification

of MLDOC is MultiFiT (Eisenschlos et al., 2019). This model is a language

model that can be trained on a small amount of raw text, as low as 100M

tokens. Then it can be fine-tuned on different tasks such as document
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Model Chinese French German Italian Japanese Russian Spanish Average
duong2016 89.90 93.55 94.70 86.28 88.95 85.68 94.15 90.46
LASER 88.98 90.80 92.70 85.93 85.15 84.65 88.75 88.14
mBERT 89.3 93.4 93.3 88 88.4 87.5 95.7 90.80
Proposed Model 89.93 93.72 94.78 86.80 88.47 85.85 94.25 90.54
MultiFiT 92.52 94.75 95.90 90.25 90.03 87.65 96.07 92.45

Table 4.6: Accuracy on the MLDoc supervised document classification task,
for each model and language. The average accuracy over all languages is also
shown. The highest accuracy in each case is shown in boldface.

classification.

4.3.2.4 Summary

Here, I demonstrated how we can utilize cross-lingual representations in order

to perform document classification. Two different scenarios were considered,

zero-shot document classification and supervised document classification. I

compared the results from the proposed method with duong2016 and two

powerful baselines, mBERT and LASER. The proposed method not only

outperformed duong2016, but also even though the proposed method is

simpler than these baselines and it requires less data to be trained, it performs

on par or in some cases better.

4.3.3 Low-Resource and Morphologically-

Rich Languages

duong2016 can learn cross-lingual word embeddings from modest size mono-

lingual corpora, using a bilingual dictionary as the cross-lingual signal. Bilin-
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gual dictionaries are available for many language pairs, e.g., Panlex (Baldwin

et al., 2010) provides translations for roughly 5700 languages. These training

resource requirements suggest this method could be well-suited to lower-

resource languages. However, this word-level approach is unable to form

representations for out-of-vocabulary (OOV) words, which could be particu-

larly common in the case of low-resource, and morphologically-rich, languages.

Here, I evaluate my proposed method which is an extension of duong2016

which incorporates sub-word information during the joint training process.

Because my proposed method incorporates sub-word information, and is

therefore able to form representations for OOVs, and additionally does not

require parallel corpora for training, it could be particularly well-suited to

lower-resource, and morphologically-rich, languages.

Most prior work on BLI focuses on in-vocabulary words and well-resourced

languages (e.g., Artetxe et al., 2017; Ormazabal et al., 2019; Zhang et al.,

2020), although there has been some work on low-frequency words (Braune

et al., 2018), as well as low-resource languages (Anastasopoulos and Neubig,

2020).

In this section, I consider BLI for twelve lower-resource languages covering sev-

eral language families, and also consider an evaluation focused on OOVs. The

results indicate that the proposed method gives improvements, particularly

for OOVs.
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Language Family Tokens Types Embeddings Dict. entries
Afrikaans Germanic 25M (64%) 0.6M (2%) 114K (11%) 70K
Albanian Albanian 21M (38%) 0.6M (1%) 127K (4%) 17K
Azerbaijani Turkic 36M (35%) 1.3M (1%) 241K (3%) 25K
Bengali Indic 26M (50%) 1.2M (2%) 179K (9%) 114K
Bosnian Slavic 18M (28%) 0.7K (1%) 147K (4%) 23K
Croatian Slavic 54M (60%) 1.3M (4%) 302K (15%) 388K
English(down-sized) Germanic 121M 1.1M 240K -
Estonian Uralic 38M (47%) 1.7M (3%) 325K (11%) 201K
Greek Greek 78M (60%) 1.4M (3%) 299K (10%) 253K
Hebrew Semitic 143M (39%) 2.6M (1%) 520K (3%) 79K
Hindi Indic 34M (74%) 0.9K (4%) 144K (18%) 296K
Hungarian Uralic 133M (51%) 3.9M (2%) 686K (8%) 460K
Turkish Turkic 79M (50%) 1.7M (2%) 354K (9%) 319K

Table 4.7: The size of the corpus for each language, in terms of the number
of tokens and types. The language family, number of embeddings learned
from each corpus, and number of entries in the bilingual dictionary, are also
shown for each language. The parenthetical numbers indicate coverage in the
dictionary.

4.3.3.1 Resources

I consider BLI from twelve lower-resource source languages to English. The

languages (shown in Table 4.7) were selected to cover a variety of language

families, while having small to medium size Wikipedias and BLI evaluation

datasets available. I compare my proposed method with duong2016 and

VecMap (Section 2.2.1, page 22), a supervised mapping-based method

(Artetxe et al., 2018a). In each case, I use cosine similarity to find the closest

target language translations for a source language word. I evaluate using

precision@N (for N = 1, 5, 10) as in Section 4.3.1.1.

The corpus for each language is a Wikipedia dump from 27 July 2020, cleaned
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using tools from Bojanowski et al. (2017). All corpora are tokenized using

EuropalExtract (Ustaszewski, 2019), since it covers a broad range of languages

that use the Latin, Cyrillic, Hebrew or Greek alphabet. For Bengali and

Hindi, which are not part of EuropalExtract, the NLTK tokenizer package

(Bird et al., 2009) is used.

duong2016 benefits from a relatively large training dictionary (Duong et al.,

2016), whereas supervised mapping-based approaches tend to see a reduction

in performance with seed lexicons larger than roughly 5k pairs (Vulić and

Korhonen, 2016). Training translation pairs from MUSE (Lample et al., 2018)

are therefore used to train VecMap, except for Azerbaijani, which is not

included in MUSE, where data from Anastasopoulos and Neubig (2020) is used,

which consists of 2001 unique training translation pairs. For duong2016 and

the proposed method I follow Duong et al. to create large training dictionaries

by extracting translation pairs from Panlex and removing MUSE test pairs

from the Panlex training dictionary. Details of the training corpora and

Panlex dictionaries are shown in Table 4.7.

4.3.3.2 BLI for In-Vocabulary Words

For these experiments I use MUSE test data for all languages except Azerbai-

jani, where I use test data from Anastasopoulos and Neubig (2020). Because

my focus here is on in-vocabulary words, I only consider translation pairs

that are in-vocabulary with respect to the embedding matrices learned from

the training corpora. Results are shown in Table 4.8.
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For each language and evaluation measure, I see that the proposed method

improves over duong2016. This finding indicates that duong2016 can

indeed be improved by incorporating sub-word information during training.

Comparing the proposed method and VecMap, the results are more mixed.

In terms of average precision@1, the results are comparable, although for

precision@5 and precision@10 the proposed method substantially outperforms

VecMap. I now consider an evaluation focused on OOV source language

words.

4.3.3.3 BLI for OOVs

For low-resource and morphologically-rich languages, large numbers of OOVs

are inevitable, and must be handled. In the case of a low-resource language

since we do not have access to large enough training corpora, it is certain

that a substantial number of that language’s words will not be in the training

data. In the case of a morphologically-rich language, we do not have access to

all word forms in the training corpus and so we cannot learn any embeddings

for them. Since the purpose of cross-lingual word embeddings is to overcome

the shortcomings of not having access to enough training data, it is crucial

for a cross-lingual method to be able to form representations for OOVs.

The current mapping methods do not consider sub-word embeddings during

the training process and work at the word-level. However, if we use an

embedding method that also learns sub-word embeddings, we can form an

embedding for an OOV by composing its sub-word embeddings and then
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Language Method
% Precision

@1 @5 @10

Afrikaans
VecMap 21.92 35.31 41.16
duong2016 23.26 44.54 50.25
Proposed Method 31.08 55.53 63.14

Albanian
VecMap 31.03 47.66 52.83
duong2016 8.04 18.31 22.50
Proposed Method 18.31 34.52 40.67

Azerbaijani
VecMap 30.77 46.15 46.15
duong2016 23.08 38.46 53.85
Proposed Method 38.46 61.54 61.54

Bengali
VecMap 17.37 32.84 40.37
duong2016 17.95 39.20 46.80
Proposed Method 22.73 49.05 55.59

Bosnian
VecMap 21.68 37.27 42.80
duong2016 4.34 13.29 16.78
Proposed Method 9.23 24.83 30.91

Croatian
VecMap 33.38 48.68 54.31
duong2016 32.81 62.56 67.54
Proposed Method 43.35 69.18 75.52

Estonian
VecMap 25.22 40.82 45.39
duong2016 19.85 45.49 52.36
Proposed Method 32.77 61.04 68.17

Greek
VecMap 46.57 64.94 69.85
duong2016 30.96 65.21 69.97
Proposed Method 43.00 73.01 78.80

Hebrew
VecMap 40.50 55.17 59.50
duong2016 20.62 46.18 52.40
Proposed Method 25.69 53.48 61.93

Hindi
VecMap 28.22 46.16 51.94
duong2016 31.32 61.22 67.21
Proposed Method 37.72 63.97 70.65

Hungarian
VecMap 39.02 55.22 61.58
duong2016 27.51 57.43 62.92
Proposed Method 35.81 64.79 71.82

Turkish
VecMap 34.20 51.30 56.51
duong2016 25.70 56.62 62.39
Proposed Method 32.77 61.04 68.17

Average
VecMap 30.82 46.79 51.87
duong2016 22.12 45.71 52.08
Proposed Method 30.91 56.00 62.24

Table 4.8: Precision@N for BLI for in-vocabulary words. The best precision
for each dataset and evaluation measure is shown in boldface.
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Language Number of Pairs Number of Unique Pairs
Afrikaans 4170 2229
Albanian 1452 908
Azerbaijani 1176 806
Bengali 7632 3314
Bosnian 1404 942
Croatian 23826 9809
Estonian 14811 10543
Greek 19773 8260
Hebrew 1306 978
Hindi 13667 8746
Hungarian 21073 10687
Turkish 9572 5102

Table 4.9: The number of translation pairs and unique pairs (i.e., the source
language word is unique) in each test set, for each language.

map it to the shared space using the learned mapping matrix and then find

its nearest neighbor in the target language. This is the approach that was

considered in Chapter 3. Nonetheless, such an approach is unlikely to perform

as well as the proposed approach because sub-words were not part of the

learning process of forming the shared space.

I design a test similar to the one introduced in Chapter 3. Test-sets are

extracted from Panlex, in which the source language words are OOVs and

the target language words are in-vocabulary. Then, to eliminate the noisy

translation pairs from Panlex, the source words are intersected with the source

language training corpus and only those words that are in the corpus but are

not in the embedding matrix are kept. The details of the test sets are shown

in Table 4.9.
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Language Method
% Precision

English Target
@1 @5 @10

Afrikaans
VecMap 2.15 5.11 7.49
Copy 10.68 - -
Proposed Method 9.42 21.80 27.41
Proposed Method+Copy 19.16 30.15 35.17

Albanian
VecMap 2.53 6.28 8.37
Copy 5.62 - -
Proposed Method 7.93 15.20 18.61
Proposed Method+Copy 13.11 19.49 22.58

Azerbaijani
VecMap 0.99 1.74 2.48
Copy 5.96 - -
Proposed Method 10.17 16.00 17.25
Proposed Method+Copy 10.92 19.35 21.96

Bengali
VecMap 1.18 2.99 3.92
Copy 0.27 - -
Proposed Method 5.31 10.95 13.85
Proposed Method+Copy 5.28 10.86 13.76

Bosnian
VecMap 1.06 2.44 3.40
Copy 21.23 - -
Proposed Method 8.17 15.71 18.58
Proposed Method+Copy 29.19 35.88 38.11

Croatian
VecMap 2.84 6.92 9.35
Copy 4.35 - -
Proposed Method 11.86 24.70 30.13
Proposed Method+Copy 15.65 28.02 33.21

Estonian
VecMap 1.52 4.28 5.97
Copy 7.56 - -
Proposed Method 8.15 18.79 23.66
Proposed Method+Copy 14.93 24.65 29.15

Greek
VecMap 3.44 8.20 11.07
Copy 1.90 - -
Proposed Method 11.65 23.55 28.05
Proposed Method+Copy 13.50 25.15 29.58

Hebrew
VecMap 1.02 3.27 4.91
Copy 11.15 - -
Proposed Method 8.18 17.08 20.55
Proposed Method+Copy 19.02 26.89 29.75

Hindi
VecMap 0.93 2.78 4.04
Copy 0.06 - -
Proposed Method 4.57 11.64 15.39
Proposed Method+Copy 4.60 11.66 15.41

Hungarian
VecMap 1.50 4.45 6.25
Copy 4.60 - -
Proposed Method 7.82 17.42 21.66
Proposed Method+Copy 11.62 20.56 24.53

Turkish
VecMap 1.10 3.57 5.23
Copy 8.15 - -
Proposed Method 7.13 15.43 19.38
Proposed Method+Copy 14.27 21.31 24.77

Average
VecMap 1.69 4.34 6.04
Copy 6.70 - -
Proposed Method 8.36 17.36 21.21
Proposed Method+Copy 14.27 22.83 26.50

Table 4.10: Precision@N for bilingual lexicon induction for the dataset of
translation pairs with OOV source language words. The best percision@N ,
for each language and methodology, is shown in boldface.
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I compare the proposed method against two other methods that each handle

OOV words differently. duong2016 is an extension of word2vec (Mikolov

et al., 2013a), thus, it only works at the word level and cannot handle OOVs.

Since duong2016 cannot form any representation for an OOV word, I employ

a simple mechanism to handle OOVs. I copy the source language word exactly

to the target language. This approach is referred to as the “Copy” baseline.

This method works well especially when the OOVs are named entities and

borrowings (Sennrich et al., 2016). For VecMap, since I employ fastText

to learn word representations, it also has sub-word embeddings, and I form

an embedding for OOVs in the source language space and then transfer

them to the cross-lingual shared space using the same approach proposed in

Chapter 3. In the case of the proposed method, a representation of an OOV

is formed from its sub-word representations in the target language. In this

case, however, it not only has sub-word information, but this information is

incorporated in the procedure of learning the shared space.

Table 4.10 shows the results. I find the same trend as for Chapter 3 in

the results achieved by VecMap. The precision is overall quite low, but

this nevertheless shows that sub-word information can be transferred in a

cross-lingual setting because this method outperforms a random baseline

which achieves precision of zero. However, since the sub-words are not part

of the training process to form the shared space, this method cannot provide

very precise representations for OOV words in the shared space. In the

case of the proposed model, since the sub-words are already in the shared
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space and have been incorporated in the process of learning the shared space,

the proposed method is able to better represent OOVs and the results are

substantially better. Although there are some exceptions in which the copy

baseline performs substantially better than the proposed method, which could

be due to the test data containing many named entities, on average the

proposed model not only outperforms the copy baseline but also outperforms

VecMap by a great margin.

Since in some cases the Copy method performed better than the proposed

model, like in the case of Afrikaans and Bosnian, I also combine the proposed

model with the Copy baseline to enhance its performance. To combine these

two methods, I look into the target language matrix and if I find the source

language word, I assume this word is a named entity or a borrowed word

and use its exact form as its translation into the target language; otherwise,

I return its translation as obtained by the proposed method.8 I refer to

this method as “Proposed Method+Copy” in Table 4.10. Table 4.10 shows

this mechanism improved the results substantially, except in the case of

Bengali, in which there is a small reduction relative to the proposed method.

Overall, the results demonstrate that if we employ methods that incorporate

sub-words during training of cross-lingual embeddings, the learned shared

space is better suited for low-resource and morphologically-rich languages

and handling unseen words.

8This assumption can be incorrect, e.g., Afrikaans kits is in-vocabulary for English,
but translates to English moment.
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4.3.3.4 Summary

I evaluated the proposed method for learning cross-lingual embeddings that

incorporates sub-word information during training, which could be well-suited

to lower-resource and morphologically-rich languages because it can be trained

on modest amounts of monolingual data and can represent OOVs. In two BLI

tasks for twelve lower-resource languages focused on in-vocabulary words and

OOVs, I found that since this method includes sub-word knowledge during

training it is well-suited for languages that lack large amounts of training

data. The results on the OOV test sets also indicate how vital it is to include

sub-word information in the training phase to form representations for OOVs.

In this chapter, I showed that incorporating sub-word information in the

training process of learning cross-lingual word embeddings leads to forming

high-quality cross-lingual embeddings. The experiments throughout this

chapter confirmed the advantage of cross-lingual embeddings trained using

our proposed method over baselines and state-of-the-art methods which do not

use sub-word information for leaning cross-lingual embeddings. The results

specifically showed the importance of having sub-word information in the case

of low-resource and morphologically-rich languages and how the proposed

method can effectively represent OOVs, which is an important problem for

low-resource and morphologically-rich languages, in the shared cross-lingual

space for these languages.
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Chapter 5

Conclusion

In this thesis, I investigated the importance of sub-word information in

learning cross-lingual word embeddings especially in the case of low-resource

and morphologically-rich languages. In this chapter, first, I summarize the

contributions of this thesis, and then I revisit the research questions posed

in Chapter 1 and explain how this thesis answered each of those questions.

Finally, I discuss possible directions for future work.

5.1 Contributions

In this thesis, I have studied the effectiveness of sub-word knowledge in

cross-lingual embeddings, and how it can be leveraged to overcome the out-of-

vocabulary (OOV) word problem. What comes in the following is a breakdown

of the contributions in this thesis.
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• In Chapter 3, the effectiveness of sub-word embeddings in cross-lingual

embeddings is shown by evaluating two types of sub-word represent-

ations, character n-grams and BPE, in three cross-lingual word represen-

tation methods with different degrees of supervision. In this evaluation,

the case of a truly low-resource language, Cherokee, is considered in

addition to five other languages from several language families. The

results demonstrate that sub-word embeddings indeed provide informa-

tion in the cross-lingual space, but that current methods are not able

to fully use this information to overcome the OOV problem.

• A novel bilingual lexicon induction task is introduced in Chapter 3

to evaluate the OOV representations in the cross-lingual space. The

ability of a model to represent OOVs is very crucial especially when

the language is low-resource or morphologically-rich. Therefore, an

evaluation method is proposed to measure the performance of the cross-

lingual word embedding method to form embeddings for OOV words in

the shared cross-lingual space.

• In Chapter 4, a novel method for learning cross-lingual word embeddings

is proposed that incorporates sub-word information in the training

process. This model only requires modest size monolingual corpora in

the source and the target language and needs a bilingual dictionary as

the cross-lingual signal. The resource requirements and the fact that

the model learns sub-word embeddings while training the cross-lingual
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embeddings makes it a good candidate to be employed for low-resource

and morphologically-rich resource languages.

• In Chapter 4, three evaluation tasks are conducted to measure the perfor-

mance of the proposed method, bilingual lexicon induction, monolingual

word similarity, and zero-shot document classification. In all three

tasks, the proposed method outperformed baselines and benchmark

approaches.

• In order to demonstrate the impact of incorporating sub-word informa-

tion during training on low-resource and morphologically-rich languages,

in Chapter 4, two tasks are considered to evaluate the proposed method

against several strong baselines on twelve low-resource languages. First,

bilingual lexicon induction is used for in-vocabulary words and it is

shown that incorporating sub-word information can indeed increase the

performance. Second, the novel bilingual lexicon induction task for OOV

words is considered to show the effectiveness of the proposed method

on low-resource and morphologically-rich languages where OOVs are

expected to be particularly frequent. The results clearly show the ad-

vantage of the proposed model over the established benchmarks which

do not use sub-word information in their training.
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5.2 Research questions revisited

Question 1: Can we leverage sub-word embeddings in cross-lingual models

to address the OOV problem in the cross-lingual domain?

• In Chapter 3, it is shown how we can employ sub-word information

with conventional cross-lingual word embeddings to overcome the OOV

problem. It is demonstrated that even though the current methods

do not use sub-word information while learning a cross-lingual shared

space, it is possible to leverage sub-word information to represent OOVs

in the shared space.

• It is also shown that not only can sub-word information be employed to

form representations for OOV words in simulated low-resource scenarios,

but also sub-word information is helpful when the target language is a

truly low-resource language.

Question 2: Can cross-lingual word representations be improved by incor-

porating sub-word information in the process of training cross-lingual word

representations and does it impact the performance in downstream tasks?

• In Chapter 4, a novel cross-lingual word embedding method is intro-

duced that incorporates sub-word information during training. It is

demonstrated that incorporating sub-word information during training

leads to learning cross-lingual word embeddings of higher quality.

• A zero-shot document classification task is selected in order to show
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the impact of incorporating sub-word information in downstream tasks.

It is shown in Chapter 4 that the proposed model, which has knowledge

of sub-words, outperforms a word-level model (Duong et al., 2016) and

two strong contextualized language models, LASER and mBERT.

Question 3: Does the proposed method for learning cross-lingual embeddings

by incorporating knowledge of sub-word information during training improve

over benchmark approaches for learning cross-lingual embeddings on truly

low-resource and morphologically-rich languages?

• I argued in Chapter 1 that it is essential to introduce a model that has

sub-word information when the language of choice is a low-resource or

morphologically-rich language. In Chapter 4, I compared the perfor-

mance of the proposed model with two strong baselines on two bilingual

lexicon induction tasks, one for in-vocabulary words and the other for

OOV words, for twelve low-resource languages. The proposed model per-

forms on par with the current-state-of-the-art on in-vocabulary words,

and outperforms the baselines and a benchmark approach significantly

on OOV words.

5.3 Future Work

First, I would like to employ the cross-lingual word embeddings learned by

the proposed method in other downstream tasks, focusing on low-resource

languages. In this thesis, I demonstrated the impact of the proposed model
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on document classification. It would be interesting to investigate its impact

on other NLP applications, such as part-of-speech tagging and named entity

recognition. These two tasks have been addressed in the literature in the

cross-lingual space (e.g., Duong et al., 2013; Garrette et al., 2013; Wu and

Dredze, 2019), including for some low-resource languages (e.g., Duong et al.,

2014; Cotterell and Duh, 2017). One particular challenge related to low-

resource languages is the absence of a gold-standard dataset to evaluate the

model. Thus, before performing any evaluation, it is first needed to build a

gold-standard dataset that itself is a very valuable resource. The universal

dependencies project (Nivre et al., 2020) contains POS tagged data for many

languages including some low-resource language. It would be possible to

extend it further and include more low-resource languages.

Second, the proposed method in this thesis does not consider the position of

the words in the context vector. Another direction for the future would be to

also consider the position of each word in the context vector while learning

the cross-lingual embeddings. In this way, the words closer to the target will

contribute more to the meaning of the target word, and the words at the

far ends of the context window will have little impact on the target word

meaning. This addition is shown to be effective in the monolingual space

(Grave et al., 2018), and it possibly could also be useful in the cross-lingual

space.

Third, I would like to consider other methods for providing sub-word in-

formation. In the proposed method, I employ character n-grams; however,
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there are other methods that break a word into pieces differently, with byte-

pair-encoding (BPE) being one such method. BPE breaks a word into the

most frequent consecutive sequences of characters. Although it is shown

in Chapter 3 that BPE is not a good choice for low-resource scenarios and

representation of OOVs, it should be taken into account that BPE was not

incorporated during the training and it could be possible to achieve better

performance by considering BPE while learning the cross-lingual shared space.

One interesting evaluation would be to evaluate these two variants, BPE

and character n-grams, on morphologically-rich languages and observe which

form of sub-word information is more suitable to learn cross-lingual word

embeddings when working with a morphologically-rich language. Another

interesting line of research is to use existing finite-state morphological analyz-

ers (eg., Kessikbayeva and Cicekli, 2014; Seiss, 2012) instead of employing

unsupervised methods for providing sub-word information. A finite-state

morphological analyzer is a rule-based analyzer which can split a word into

its meaningful units, e.g., a root with one or more affixes (prefix, suffix, infix),

in contrast to character n-grams or BPEs that do not have any linguistic

knowledge of morphemes and break a word into character sequences of a

pre-determined length, in the case of character n-grams, or most frequent

sequences of characters, in the case of BPE. This could potentially lead to

improvements since we would learn embeddings for morphemes and we can

simply add them together to form a vector representation for a word consisting

of multiple morphemes.
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Fourth, with the advancements in contextualized language models (e.g., Peters

et al., 2018; Devlin et al., 2019; Radford et al., 2019), they are replacing the

classical word embeddings methods, e.g., word2vec, in many NLP tasks such

as POS tagging (Wu and Dredze, 2019), document classification (Conneau

and Lample, 2019) and named entity recognition (Wu and Dredze, 2019).

However, these models require a large training corpus and are very compu-

tationally expensive to train. Due to these reasons and since there is a lack

of training resources for low-resource languages, they are still not applicable

to low-resource languages. Even though there has been some research on

transferring knowledge for contextualized language models to other languages

(e.g., Conneau et al., 2020; Artetxe et al., 2020a), there is still room for further

work. Research on this topic could range from transfer learning, e.g., making

the current pre-trained language models suitable for another language, to

discovering a new training procedure, so these contextualized language models

can be trained with less training data.
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Željko Agić, Dirk Hovy, and Anders Søgaard. 2015. If all you have is a bit

of the Bible: Learning POS taggers for truly low-resource languages. In

Proceedings of the 53rd Annual Meeting of the Association for Computa-

tional Linguistics and the 7th International Joint Conference on Natural

Language Processing (Volume 2: Short Papers), pages 268–272, Beijing,

China. Association for Computational Linguistics.

109

http://aclweb.org/anthology/W17-0401
https://doi.org/10.3115/v1/P15-2044
https://doi.org/10.3115/v1/P15-2044


Rami Al-Rfou’, Bryan Perozzi, and Steven Skiena. 2013. Polyglot: Distributed

word representations for multilingual NLP. In Proceedings of the Seventeenth

Conference on Computational Natural Language Learning, pages 183–192,

Sofia, Bulgaria. Association for Computational Linguistics.

Zaid Alyafeai, Maged Saeed AlShaibani, and Irfan Ahmad. 2020. A sur-

vey on transfer learning in natural language processing. arXiv preprint

arXiv:2007.04239.

Waleed Ammar, George Mulcaire, Yulia Tsvetkov, Guillaume Lample, Chris

Dyer, and Noah A Smith. 2016. Massively multilingual word embeddings.

arXiv preprint arXiv:1602.01925.

Antonios Anastasopoulos and Graham Neubig. 2020. Should all cross-lingual

embeddings speak English? In Proceedings of the 58th Annual Meeting of

the Association for Computational Linguistics, pages 8658–8679, Online.

Association for Computational Linguistics.

Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2017. Learning bilingual

word embeddings with (almost) no bilingual data. In Proceedings of the

55th Annual Meeting of the Association for Computational Linguistics

(Volume 1: Long Papers), pages 451–462, Vancouver, Canada. Association

for Computational Linguistics.

Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2018a. Generalizing and

improving bilingual word embedding mappings with a multi-step framework

110

https://www.aclweb.org/anthology/W13-3520
https://www.aclweb.org/anthology/W13-3520
https://doi.org/10.18653/v1/2020.acl-main.766
https://doi.org/10.18653/v1/2020.acl-main.766
https://doi.org/10.18653/v1/P17-1042
https://doi.org/10.18653/v1/P17-1042


of linear transformations. In Proceedings of the Thirty-Second AAAI Con-

ference on Artificial Intelligence, pages 5012–5019, New Orleans, Louisiana.

Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2018b. A robust self-

learning method for fully unsupervised cross-lingual mappings of word

embeddings. In Proceedings of the 56th Annual Meeting of the Association

for Computational Linguistics (Volume 1: Long Papers), pages 789–798,

Melbourne, Australia. Association for Computational Linguistics.

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama. 2020a. On the cross-

lingual transferability of monolingual representations. In Proceedings of

the 58th Annual Meeting of the Association for Computational Linguistics,

pages 4623–4637, Online. Association for Computational Linguistics.

Mikel Artetxe, Sebastian Ruder, Dani Yogatama, Gorka Labaka, and Eneko

Agirre. 2020b. A call for more rigor in unsupervised cross-lingual learning.

In Proceedings of the 58th Annual Meeting of the Association for Computa-

tional Linguistics, pages 7375–7388, Online. Association for Computational

Linguistics.

Mikel Artetxe and Holger Schwenk. 2019. Massively multilingual sentence

embeddings for zero-shot cross-lingual transfer and beyond. Transactions

of the Association for Computational Linguistics, 7:597–610.

Timothy Baldwin, Jonathan Pool, and Susan Colowick. 2010. PanLex and

LEXTRACT: Translating all words of all languages of the world. In Coling

111

https://doi.org/10.18653/v1/P18-1073
https://doi.org/10.18653/v1/P18-1073
https://doi.org/10.18653/v1/P18-1073
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.421
https://doi.org/10.18653/v1/2020.acl-main.658
https://www.aclweb.org/anthology/C10-3010
https://www.aclweb.org/anthology/C10-3010


2010: Demonstrations, pages 37–40, Beijing, China. Coling 2010 Organizing

Committee.
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