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Human languages vary in terms of both typologically and data availability. A typical machine
learning-based approach for natural language processing (NLP) requires training data from the
language of interest. However, because machine learning-based approaches heavily rely on the
amount of data available in each language, the quality of trained model languages without a large
amount of data is poor. One way to overcome the lack of data in each language is to conduct cross-
lingual transfer learning from resource-rich languages to resource-scarce languages. Cross-lingual
word embeddings and multilingual contextualized embeddings are commonly used to conduct cross-
lingual transfer learning. However, the lack of resources still makes it challenging to either evaluate
or improve such models. This dissertation first proposes a graph-based method to overcome the
lack of evaluation data in low-resource languages by focusing on the structure of cross-lingual
word embeddings, further discussing approaches to improve cross-lingual transfer learning by using
retrofitting methods and by focusing on a specific task. Finally, it provides an analysis of the effect

of adding different languages when pretraining multilingual models.
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Chapter 1

Introduction

Not every person and place around the world communicates with the same language. Ac-
cording to Eberhard et al. (2021), there are 7139 living natural languagesm However, according
to the International Association of Hyperpolyglots, there are only 160 people who are assessed as
fluent in six or more languages (Chohan| [2021). Most people cannot learn every language perfectly,
and therefore, a tool to bridge the gap among different languages all over the world is necessary.
Bridging the gap among languages, such as a world where you can speak your first language and
being able to communicate with the rest of the world, is one of the ultimate goals in the field of
natural language processing.

Natural language processing (NLP) understands and manipulates human languages. After
the introduction of machine learning-based approaches to NLP, data-driven approaches dominate
NLP models. To name a few, word embeddings (Mikolov et al., 2013b)) and contextual embed-
dings (Devlin et al.| 2019) are the major milestones of recent advances in NLP. Development on
such models primarily happens on languages used by many people, namely English. However,
one of the goals of the NLP community is to promote language diversity and widen the scope of
languages beyond such widely used languagesﬂ

One way to bridge among languages is to have one model which works on many languages.

Such multilingual models are beneficial because of the following reasons (Neubig, 2021): (1) it

! This sentence is inspired from the introduction section in [Hao| (2019).
2 https://www.2022.aclweb.org/post/acl-2022-theme-track-language-diversity-from-low-resource-to-endangered-
languages



enables cross-lingual transfer, where one trains a model in one language and apply it to another,
and (2) it saves space on the computer storage when compared to having one model per 7000+
language, especially on recent large models. Ideally, multilingual NLP models are designed to work
on any language. For example, if one is interested in a task to classify a given document into a
specific topic, then having training data in any single language is sufficient to build a model that
is applicable to any language. However, in real-world settings, these models do not always work
and have certain conditions on when they would be successful or not. One such condition is the
diversity of languages itself (e.g., English and Japanese are vastly different). Another condition is if
the availability of linguistic resources differs across languages, then it works on languages with large
resources available but not on languages where only a limited amount of resources are available.
Finally, a model being successful or not depends on how it is trained prior to further tuning the
model on the tasks and languages of interest. If a model is primarily designed and trained to work
on English, it may work on other languages closely related to English such as Dutch, but may not
work on languages like Japanese which have a different structure of language than English.

This dissertation analyzes and applies such multilingual models and reveal their limitations,
and introduces an attempt to further improve them. The detailed structure of this dissertation is
as follows.

Chapter I explain the background and review related work on monolingual word embed-
dings, cross-lingual word embeddings, monolingual contextual embeddings, cross-lingual contextual
embeddings, and the open challenges for them.

Chapter I propose a method inspired from the network analysis literature to analyze and
evaluate cross-lingual word embeddings by using a lexical graph derived from cross-lingual word
embeddings. Specifically, I use a metric called graph modularity to quantify what will happen when
cross-lingual word embeddings are not successful, for transfer between distant languages such as
English and Japanese.

Chapter [4 I introduce our attempt to improve cross-lingual word embeddings inspired

from the last chapter. Specifically, I combine graph-based approach to further improve cross-



lingual transfer learning. I further present an example application of cross-lingual embeddings in the
context of readability assessment task and introduce a task-specific feature to further complement
cross-lingual embeddings.

Chapter I present our work on analyzing cross-lingual learning of pretrained multilingual
models depending on different pretraining languages used. Specifically, I investigate the effect on
languages where models have not been trained on such languages.

Chapter [6] I conclude and address future work on multilingual learning,.



Chapter 2

Background

This chapter reviews the fundamental work on embeddings, which are used throughout this
dissertation. I first review the monolingual word embedding method proposed by [Mikolov et al.
(2013b)). Then, I review work on cross-lingual word embeddings which focus on learning a single
projection matrix from one monolingual embedding space to another (Mikolov et al., [2013a). Fi-
nally, I cover the recent emerging trend in cross-lingual transfer learning which uses multilingual

contextualized embeddings (Schuster et al., [2019; |Devlin et al., [2019).

2.1 Overview

The idea of word embeddings is simple: assign a vector to represent the meaning of the word
by predicting a word given its context, i.e., the surrounding words. Using the surrounding words
is motivated by the distributional hypothesis (Harris|, [1954)), which is often phrased as “a word is
characterized by the company it keeps” (Firthl [1957). By predicting a word given its surrounding
words, words that are semantically similar to each other are placed close to each other in the
embedding space. This helps machine learning-based NLP models to help generalize to words that
do not appear in the training data.

Word embeddings (Bengio et al., 2003)) is a common first step for multiple natural language
processing tasks. One key work in word embeddings is the work by Mikolov et al.| (2013b)), which
made it possible to obtain a word representation from a large unlabeled corpus (Section. Incor-

porating these pre-trained word representations has been shown to improve multiple downstream



tasks (Collobert and Weston, 2008).

Inspired by its success in the monolingual setting, there has been a rise of interest in cross-
lingual settings. Machine learning-based NLP models rely on having a huge amount of training data.
However, the quality and the amount of data available to train NLP models largely differ across
languages. One approach to this problem is cross-lingual transfer learning, where I train NLP
models using texts from different languages. Cross-lingual word embeddings is one approach
in cross-lingual transfer learning, which enables exploiting large amounts of texts in resource-rich
languages (e.g., English) and transferring them to resource-poor languages. As a result, it requires
less or even none of the labeled data in the target languages to train a model for various NLP tasks.
The work on cross-lingual word embeddings are discussed in depth in Section [2.3

In the late 2010s, there is a shift of research interest from static cross-lingual word embeddings,
where a single real-valued vector representation to each word, to dynamic or contextualized word
embeddings (Jurafsky and Martin) [2020)), where multiple real-valued vector representations to each
word depending on its surrounding words. After its success in monolingual settings (Peters et al.,
2018; [Devlin et al., 2019)), extending it to multilingual settings attracted interests from the NLP
research community. These models are called multilingual contextualized embeddings, or
more specifically, multilingual language modelsE This is because, borrowing the example
from (Schuster et al., 2019), contextualized embeddings enable English word “bear” to be close
to multiple possible translations such as “oso” (animal) or “tener” (to have) depending on the
context. Such multilingual contextualized embeddings bring consistent improvement on multiple
NLP tasks over multiple languages, for example on parsing (Ahmad et al. 2019b)) and document
classification (Eisenschlos et al., 2019), when compared to static cross-lingual word embeddings.

The work on multilingual contextualized embeddings are discussed in depth in Section |2.4

! Since these models are not explicitly designed to make it aligned across languages, I call it “multilingual” rather
than “cross-lingual” throughout this dissertation.



2.2 Monolingual Word Embeddings

More technically, word embedding methods map each word into a dense d-dimensional contin-
uous vector (which d is typically set within the range of 50 — 1000) given an unlabeled monolingual
corpus. Though there are various ways to do so in the NLP literature (e.g., latent semantic analy-
sis (Deerwester et al., 1990), or latent Dirichlet allocation (Blei et al., [2003))), I focus on skip-gram
with negative sampling (Mikolov et al.l 2013b, SGNS) in this dissertation because of its in-depth
analysis (Levy and Goldberg, 2014; Mimno and Thompson|, 2017), and its extension to exploit
subword-level similarities (Bojanowski et al., [2017), which is commonly used as inputs to the cross-
lingual word embedding methods (Section [2.3)).

I now review SGNS in-depth. SGNS produces a distributional word vector representation
motivated by the distributional hypothesis (Harris, 1954]). While training SGNS, it keeps track of
two different vectors associated with each word i in the vocabulary: (1) word vector w; € R%, and
(2) context vector ¢; € R The first step of SGNS is to extract context words given a word 4 by
extracting the surrounding words of the word ¢ that appear within a given window size as positive
context. Then, sample S words as negative context, which is assumed to not appear as surrounding
context words for ¢. Given these positive and negative context words, SGNS maximizes the dot
product of a word vector w; and positive context vectors c;, and minimizes the dot product of the
word vector w; and negative context vectors ¢; for j = 1,...,.5 by optimizing the following loss

function Lgans:
S
Lsans (wi, ¢j) = —logo(w]l ¢j) — Zlog o(—wle,), (2.1)
S

where o is the sigmoid function. The resulting word vector w; are the word embedding for word
¢ and context vectors c¢; are either discarded or combined with word vectors to obtain final word

embeddings (Pennington et al.,|2014)). One important indication of Equation is that it optimizes

the dot product, i.e., wl'c; = |Jw;l|||c;|lcos(w;, ¢j), which also encodes information to the norm of
word vectors ||w;|| (e.g., word frequency of an input monolingual corpus (Arora et al.,[2016)), which

could vary across different monolingual embeddings. Thus, preprocessing word vectors to make it
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Figure 2.1: A toy figure inspired by Mikolov et al.| (2013a)) which shows the similar geometric
arrangement between two monolingual embeddings in English (left) and Japanese (right). This
similarity in geometric arrangement motivates to obtain a cross-lingual word embeddings by pro-
jecting one embedding space to another using a linear projection matrix W.

unit length i.e., |w;|| = 1 also mentioned in Section [2.3.1]

Equation has also been further extended to exploit subword-level similarities. This is
accomplished by making use of an n-gram, which is a sequence of n given linguistic unit (which are
typically words or characters). Specifically, Bojanowski et al.| (2017) proposed a model called fast-
Text to keep track of separate vectors for character n-grams while training SGNS. The pretrained
fastText vectors in 50+ languages on Wikipedia in each language provided by Bojanowski et al.
(2017)) has been a popular choice of pre-trained word embeddings in multiple languages.

In the next section, I introduce approaches to extend monolingual word embeddings into

cross-lingual settings.

2.3 Cross-Lingual Word Embeddings

This section discusses projection-based cross-lingual embedding initially proposed by |[Mikolov
et al.|(2013a). Mikolov et al.| (2013a)) observe that among the pre-trained monolingual embeddings,
words that have similar meanings across languages had similar geometric arrangements (Figure .
This observation motivated them to train a cross-lingual linear projection W € R%*? to map word
vectors from one monolingual embedding space to another.

A cross-lingual projection W is used to align the two embeddings by projecting vectors from

one embedding space to another. Training such projection W is as follows. Given a bilingual



lexicon (e.g., extracted from PanlexE] or Wiktionaryﬂ ), and pre-trained monolingual embeddings
in two different languages, the first step is to build a stack of a aligned vectors X € R**? and
Y € R®9 from source and target language embedding space. Then, a cross-lingual projection

matrix W minimizes the loss function L of the distance of aligned vectors from each language i.e.,

d a a
2 2
LW) =33 (Wai); = (:);)° = Y IWay —yill3 = [WX = Y% (2.2)
j=1i=1 i=1
where F is the Frobenius norm, and W € R%*? is the cross-lingual projection from the source
embedding space to the target embedding space. The projection-based cross-lingual embedding

methods discussed in this dissertation either extends or incorporate Equation as one step in the

training pipeline to obtain cross-lingual word embeddings.

2.3.1 Orthogonal Projections

One problem of cross-lingual word embeddings is that the similarity of word vectors can be
different from the original embedding space. For example, if the similarities of the vectors of the
semantically similar English words “dog” and “cat” were high in the original English embedding
space, we want this to be preserved in the projected cross-lingual word embedding space too.
Preserving the similarity of the word vectors in the original embedding space can be realized
through what is called the orthogonal matrix.

Xing et al.|(2015) use the orthogonal constraint on a cross-lingual projection W to improve the
cross-lingual embeddings, which has also been shown to work empirically by others (e.g., Artetxe
et al. (2016))). As mentioned by Xing et al. (2015), a cross-lingual projection W has a risk of
changing the intra-lingual similarity of word vectors, measured by dot products or cosine similarities,
in the original monolingual embedding space. One way to preserve the similarities of vectors, namely
the dot product, is to add the orthogonal constraint WX W = I where I represents the identity

matrix. This is because by applying a projection W to a given vector x and taking the dot product

2 https://panlex.org/
3 https://www.wiktionary.org/
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of the projected vector Wx becomes
W)Wz =2t WiWe =27z (2.3)

because of the orthogonal constraint W’ W = I. Note that by further preprocessing the input
vector z be of unit length i.e., ||z, = 1, the dot product 27z and the cosine similarity cos(z, )

T

become equivalent since 'z = ||z||,||z||ycos(z, ) = cos(z,z). Adding orthogonal constraints to

Equation leads to the well-known orthogonal Procrustes problem (Schonemann, |1966), i.e.,
LOW)=|WX —Y|%st. WIW =T (2.4)

where T € R%? is the identity matrix and F' is the Frobenius norm.

The orthogonal constraint has been empirically shown to work well both for supervised,
where a bilingual lexicon is used as a supervision signal, and unsupervised cross-lingual embedding
methods, where a bilingual lexicon is not used as a supervision signal. In addition, the orthogonal
constraint has two more benefits: (1) Though the orthogonal Procrustes problem is non-convex,
one can obtain a globally optimal W by using the singular value decomposition (Schonemannl, 1966,
SVD) by taking W = UV such that ULV = SVD(Y X7T), where ¥ are the singular values, and

(2) it avoids overfitting W to the translation pairs in the given bilingual seed lexicon.

2.3.2 Supervised Cross-Lingual Word Embeddings

This section discusses how to obtain cross-lingual word embeddings using a bilingual lexicon
as the supervision signal. The projection-based cross-lingual embedding methods that use some
external human-labeled resources (e.g., bilingual lexicons) are called supervised and methods
without using human-labeled resources are called unsupervised. Since Mikolov et al. (2013a) ob-
serve the geometric correlation between translations across monolingual embeddings from different
languages, many researchers propose a linear projection-based method to preserve its intra-lingual
relationship after projecting it to target language embedding space.

One line of research in supervised cross-lingual word embeddings is to project both source

and target word vectors to a shared cross-lingual space that is neither the source nor the target em-
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bedding space. Though many methods are based upon solving the orthogonal Procrustes problem
to obtain the linear cross-lingual projection W, there are other approaches. For example, [Faruqui
and Dyer| (2014) propose a canonical correlation-based approach. Specifically, given aligned vector
pairs from two languages, they train linear projections to a shared embedding space that maximizes
the correlation between the given aligned vector pairs.

Another line of research on supervised cross-lingual embedding methods is to use as small
a bilingual lexicon as possible to minimize human effort. |Artetxe et al. (2017) report that by
iteratively applying the orthogonal Procrustes problem on the newly induced bilingual seed lexicon,
it only requires a small initial number of translation pairs in a bilingual lexicon (e.g., 25 pairs) to
obtain a good cross-lingual word embedding. This approach is later used as the “Refinement
Step” to other methods including the unsupervised methods proposed by |Conneau et al.| (2018al)
and [Hoshen and Wolf| (2018). The new seed bilingual lexicon obtained at every training step
uses similarity metrics such as the top similar dot product (Artetxe et al., 2017)) or cross-domain
similarity local scaling- (Conneau et al., [2018a, CSLS), which we further explain in Section m

Finally, Relaxed CSLS (Joulin et al) 2018, RCSLS) uses CSLS (Conneau et al., 2018al)
directly as the loss function. Assuming all input vectors are unit length normalized, importing
CsLS to the loss function results in the following loss function L:

L(W) = 1 Zn: —2x] Why; + ! Z el Why; + 1 Z eI Wty (2.5)
i3 k y;€Ny (Wa;) k W eNx (vs) !
where Nx (y;) is the k-nearest neighbors of the vector y; from the target embedding Y in the source
embedding space X.

Joulin et al.| (2018)) further add the convex-relaxed version of the orthogonal constraint to
Equation . Remind that the spectral norm [[W]|,, (i.e., operator 2 norm) is equivalent to
the maximum singular value of W. The convex-relaxed version of the orthogonal constraint is
constraining W to be on the unit spectral norm ball [|[W{|,, < 1. Joulin et al.| (2018) compare the
accuracy on the bilingual lexical induction task using Equation [2.5( with and without this constraint

[W1l,, <1, and they report that the one without this constraint scored higher accuracy than the
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Figure 2.2: A toy figure of MUSE inspired from the image by |Conneau et al.| (2018a). (A) shows
the two monolingual embeddings (English in black, and Japanese in orange) in different languages,
(B) shows that the two monolingual embeddings are roughly aligned after the adversarial step, and

(C) shows the refinement step using cross-lingual word vectors that are close to each other from
Step (B).

constrained one on the MUSE benchmark test set (Conneau et al., 2018a)). This result further

re-opens the research direction on cross-lingual projections without orthogonal constraints.

2.3.3 Unsupervised Cross-Lingual Word Embeddings

So far, we have assumed that we are given a bilingual lexicon to train a cross-lingual projection
matrix W. However, obtaining the seed bilingual lexicon is either not possible or can be expensive
for low-resource languages. This motivated many researchers to focus on finding a way to train
cross-lingual embeddings without a bilingual seed lexicon. Though there are various methods
proposed recently (Zhang et al.l 2017; |Artetxe et al 2018; Hoshen and Wolf] [2018; |Alvarez-Melis
and Jaakkolal, [2018; Xu et al., 2018; Chen and Cardie, 2018), here, we introduce MUSE (Conneau
et al., [2018al), which is a popular choice to embed words from multiple languages and use those for

downstream NLP tasks, e.g., machine translation (Lample et al., 2018} |Gu et al., [2018]).

2.3.3.1 MUSE by Conneau et al.| (2018al)

We now describe MUSE in depth. MUSE consists of two steps: (1) the adversarial step (B
in Figure 2.2), and (2) the refinement step (C in Figure [2.2)). Within the adversarial step, it also
has two sub-steps: (a) Training a cross-lingual projection matrix W, and (b) training a language

classifier D.
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Adversarial Step In this step, we alternately train the language classifier D and the
cross-lingual mapping W to make the language classifier hard to discriminate the language of a
given word vector.

The language classifier D predicts the language § € {source language, target language} of a
word 4 given its vector x; by §; = D(z;). D is a multi-layer perceptron with A € N hidden units,

where the output z € R" from each layer [ is calculated by
z; = LeakyReLU(W;z_1 + ;) (2.6)
where W; € RP*" is the weight, and b; € R is the bias of each layer

x (z>0)
LeakyReLU(z) = (2.7)
ar (x <0)

and a € R is a constant hyperparameter. The final layer is defined as
Y= O'(WLZL_l -+ bL) (28)

where o is the sigmoid function, Wy, € R"*! is the weight, and by, € R is the bias of the final layer
L.

The overall loss function Lyyse is defined as the followings: for learning a cross-lingual
mapping W,

1 n
L W)=—— E log D(Wz; 2.9
muse(W) n 4 og D(W;) (2.9)
and for learning a language classifier D,
L (D) ! En log D(Wx;) ! Em log D(y;) (2.10)
=—— i) — — ). .
MUSE 4 g m : g L\Yj

This adversarial step is inspired from an adversarial approach based on reversing the gradients
during the back-propagation (Ganin and Lempitsky, 2015)). In addition, (Conneau et al.| (2018a))

use the Perseval tightness (Cisse et al.l [2017)

2 wrw -1 (2.11)
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where 8 € R is the constant hyperparameter, to keep the projection matrix W € R%*? approxi-
mately orthogonal.

Refinement Step After obtaining a bilingual seed lexicon induced from the adversarial
step, it iteratively applies the Procrustes approach, which is shown to be effective by |Artetxe et al.
(2017).

Validation Metric Since MUSE is unstable throughout training, it uses a validation metric
to select the best cross-lingual projection matrix W. (Conneau et al.| (2018a) use CSLS, which we
explain in the next section, of the top 10K frequent words, which is shown to be roughly correlated

to the accuracy on the bilingual lexicon induction task, as the validation metric.

2.3.4 Evaluating Cross-Lingual Word Embeddings

With few exceptions (e.g., [Ammar et al. (2016)), most papers on cross-lingual word embed-
ding methods evaluate on the bilingual lexicon induction task. The bilingual lexicon induction
task (or equivalently, the word translation task) is that given a word in a source language, I re-
trieve the correct translation in a target language. Though there are other tasks used to evaluate
cross-lingual word embeddings (e.g., cross-lingual document classification (Klementiev et al., 2012])
or syntactic parsing (Ammar et all 2016))), those tasks are on either document- or sentence-level,
which is stated as sub-optimal for evaluating cross-lingual word embeddings (Ruder et al., [2017).
Intrinsic evaluation measures are also proposed to evaluate cross-lingual word embeddings, such
as QVEC-CCA (Ammar et all |2016), csLs (Conneau et all |2018a)), and the eigenvalue similar-
ity (Segaard et al., 2018). Sggaard et al.| (2018)) show that the eigenvalue similarity between two
monolingual lexical graphs derived from monolingual embeddings is correlated with the precision@k
on bilingual lexical induction task.

QVEC and QVEC-CCA QVEC (Tsvetkov et al., 2015) is a score indicating the quality
of learned word embeddings given oracle word embeddings computed from linguistic resources. It
is calculated as the sum of the maximum possible Pearson’s correlation p € [—1, 1] of one specific

dimension of two different embeddings. Formally, given n € N words and its stacked pre-trained
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word embedding matrix X € R%*™ and a oracle word embedding matrix S € RP*" (e.g., frequency

of each sense of words computed from a sense-tagged corpora with p € N senses),

QVEC(X, S) max ZZ;} X, Sj)aq; (2.12)

>, ai<1
where i and j are one dimension of each embedding matrix, and a;; € {0,1} is a binary value
which represents whether dimension ¢ in X and dimension j in S are aligned or not. Zj aj; <1
guarantees that one dimension from the pre-trained word embedding is aligned to at most one
dimension from oral word embedding (Tsvetkov et al., [2015).

The downside of QVEC scores are that they are not comparable between word embeddings
that have different dimensions. Since QVEC is the sum of Pearson’s correlation on all dimensions,
it is proportional to the embedding dimension d, and therefore, for example, embeddings with
dimension size 200 tend to have higher QVEC score than the dimension size 50.

To have a metric which is comparable across different dimension size, [Tsvetkov et al. (2016)

extend QVEC to use canonical correlation (QVEC-CCA) defined as
QVEC-CCA(X, S) = max p(XTv, STu), (2.13)

where v and u are learned vectors to maximize correlations between the two embedding matrices.
The output of QVEC-CCA is a correlation within the range of [—1, 1] regardless of the embedding
dimension size.

Cross-domain Similarity Local Scaling (CSLS) Cross-domain Similarity Local Scaling
(Conneau et al.l 2018al cSLS) is a cross-lingual similarity metric that penalizes words that appear
in a dense region to ameliorate the hubness problem, which is a problem that a vector in a high-
dimensional space often encounters the problem of “hubs” (Radovanovi¢ et al., [2010; Dinu et al.,
2014)) or a vector that frequently appears as nearest neighbors of arbitrary vectors. The hub vectors
in cross-lingual embedding space are problematic when retrieving the translation of a given source
word in the bilingual lexicon induction task. Though there are other methods to mitigate the
hubness problem in the word embedding space (Smith et all 2017)), I explain in-depth the one

proposed as a validation metric by |Conneau et al.| (2018a).
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CSLS is defined as
csLs(We,y) = 2cos(We,y) —r(Wz) —r(y) (2.14)

where r(z) is the average cosine similarity of the top k cross-lingual nearest neighbors of a word
vector x (k is usually set to 10), and W is the cross-lingual projection matrix. This cross-lingual sim-
ilarity metric has become the de facto choice for cross-lingual nearest neighbor retrieval for the bilin-
gual lexicon induction task. Moreover, this metric has been later incorporated into the loss function
by |Joulin et al.|(2018)) and achieved improved results on the MUSE benchmark dataset (Conneau

et al., 2018a).

24 Multilingual Contextualized Embeddings

One major downside of using static word embeddings is handling words that have multiple
senses (e.g., the river “bank” vs. a financial establishment “bank”) since a given word is always
mapped to the same embedding or a vector in any context or surrounding words. As opposed
to “static” word embeddings, an emerging line of research is on “contextualized” embeddings.
Contextualized embeddings refers to models that embed tokens (which can be words, subwords,
characters, or even bytes) dynamically depending on the context or surrounding words. In this
dissertation, I focus on contextualized embeddings obtained by a pretrained language model (Peters
et al,|2018; Devlin et al., 2019). I first introduce the monolingual models in Section followed

by introducing its multilingual extensions in Section [2.4.2]

2.4.1 Monolingual Contextualized Embeddings

When training a model using contextualized embeddings, a common practice is to follow a
pretraining—finetuning paradigm (Hinton et al.,2006), which has been first successfully applied
to train machine learning models on images, and later imported to train models for texts. To train
neural networks that have more layers and larger embedding dimensions, the training data from

the task of interest is often scarce and not enough to train a good neural network model. Given a
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task, the first step to train a model is called the pretraining step where the model parameters
are trained on a given pretraining task, which is different from the task of interest. The second
step is called fine-tuning step which uses the model pretrained from the first step and further
trains it on the target task of interest. E|

Early work on contextualized embeddings explore different pretraining tasks. [McCann et al.
(2017) use machine translation as the pretraining task and successfully fine-tuned and applied the
pretrained model to multiple other tasks. However, one problem of such an approach is that the
machine translation task uses parallel corpus as inputs to train a model, where the size of available
corpus can be limited compared to a raw corpus. Later, |Peters et al| (2018 show that pretraining
using a stacked Long Short-Term Memory (Hochreiter and Schmidhuber, (1997, LSTM) on a large
raw corpus using language modeling as the pretraining task and then successfully fine-tuned it on
multiple downstream tasks. However, most recent work uses the model proposed by [Devlin et al.
(2019)) or its variants, which uses the architecture called Transformers (Vaswani et al., 2017) and
using the pretraining task called “masked language modeling” which I explain in the following

section.

2.4.1.1 Transformers

Similar to static word embeddings, Transformers (Vaswani et al., [2017)) also map input texts
into continuous vector representations. Unlike LSTM, Transformers do not process one token after
another and rather attend on surrounding tokens that are important for a given token.

Given a sequence of N tokens, the sequential operation takes O(N) for recurrent neural
networks such as LSTM, but O(1) for Transformers due to not processing the inputs recurrently
one token after another. This nature of fast computation with respect to the input sequence length
resulted in pretraining on a larger scale, namely with more model parameters and larger corpora.

I now introduce the typical inputs to Transformers in the field of NLP. Such typical inputs

4 There are recent work on adding an intermediate step (e.g., |[Pruksachatkun et al|(2020)) to further improve the
model, but I will leave this as out of the scope for this dissertation.
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to Transformers are: (1) positional embeddings, and (2) token embeddings. A variant of the
Transformer model widely used in NLP (Devlin et al., |2019) takes an additional input called (3)
segment embeddings. I assume that d,, € N is the hyperparameter representing the dimension of
a Transformer model.

Positional Embeddings Positional embeddings p; € R are trainable real-valued vectors
associated with each position ¢ of the input sequence. One main difference between the models prior
to Transformers (e.g., LSTM) is that it no longer processes the input from left-to-right one token
after another. This enables fast processing of input texts as a whole, but it loses the position
information of a given token. Position information is important because multiple natural language
processing tasks use the position information in a given sentence. For example, the following two
sentences “The dog chases the cat” and “The cat chases the dog” use the same words, but they
mean something completely different which can only be distinguished by the position of each word.
To keep track of such information for Transformers, positional embeddings are one of the inputs.

Token Embeddings Token embeddings t; € R are trainable vectors which are tech-
nically the same as the static word embeddings. When given an input string, the input string is
tokenized into tokens using a given vocabulary, and then further embedded into a vector using
token embeddings which are associated with each string in the vocabulary. However, one difference
is that as indicated by using the term “token embeddings” instead of “word embeddings”, the input
is no longer assumed to be a word.

Segment Embeddings Segment embeddings s; € R%" are trainable vectors embedded
from binary representations associated to each input token to keep track of whether a given token

is from the first sentence or the second sentence. For example, if a given sentence pair where

kY 9

the first sentence is “I like cats .” and the second sentence is “Cats like dogs .”, then the inputs
to compute segment embeddings are {0,0,0,0,1,1,1,1}. For models which do not use the next
sentence prediction task during pretraining, these segment embeddings are omitted.

For each token at position 7 in a given sequence, these input vectors are simply summed up

into one input vector (x; = p; + s; + t;) and passed into Transformers.
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At a high level, one key component in Transformers is the self-attention mechanism (Lin et al.
2017)E| Self-attention allows to attend or assign different weights to the context or surrounding
tokens within the same input sequence. To compute the self-attention, Transformers projects a
given input vector x; to three different vectors called query, key, and value using three different
trainable parameters associated to each kind of vector i.e., W].Q for queries, WjK for keys, and W]-V
for values. The output of the attention function is the weighted sum of the value vectors V. The
weights to compute such weighted sum are computed based on a query vector ¢ € R4 and a key
vector k € R%m,

I now explain the architecture of Transformers in depth. Given a query matrix Q € RNV*dm

a key matrix K € RV*4m and a value matrix V € RN*9m  gelf-attention is given by

1
Attention(Q, K, V) = Softmax(QKT ® ——)V 2.15
(@ ) (@ @) (2.15)

where @ is the Hadamard product (i.e., element-wise multiplication). Most models have multiple
attention modules or “heads”, which are referred to as multi-head attention. In multi-head atten-
tion, each head computes different weights from the same input sequence. The computed attention

output vectors are later concatenated and then applying a projection matrix W, i.e.,
Multihead(Q, K, V') = Concat(head;, heads, ..., head), )W (2.16)
where h is the number of attention heads and
head; = Attention(QVVjQ, KWJK, VWjV) (2.17)

where WJQ,WJK , WjV are the projection matrices for @, K, V, and W is the projection matrix
applied to the concatenated output of the attention heads. Due to the matrix multiplication in
each attention head, the computation complexity of each head; is O(N?), which makes it harder to

scale to the long sequences.

® There is also recent work by [Tay et al.| (2021a)) that questions whether the self-attention mechanism is essential
or not but I will keep it out of scope in this dissertation.
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2.4.1.2 Major Architectures of Contextualized Embeddings

I briefly introduce three widely-used architectures for contextualized embeddings.

ELMo (Peters et al.,[2018) ELMo is a three-layer bi-directional LSTM model, which is
trained on the language modeling task, i.e., predicts the probability of the next word given context
words. The inputs to the first layer of ELMo are characters of each token. ELMo has shown to
improve multiple downstream NLP tasks by large margins.

BERT (Devlin et al., 2019) BERT is a variant of a Transformer model (Vaswani et al.,
2017) which takes bi-directional inputs (i.e., both from left and right context tokens) trained on
two unsupervised tasks: (1) a token- or a subword-level task called “masked language modeling”
(MLM), and (2) a sentence-level task called “next sentence prediction”. Masked language modeling
is a task to predict randomly masked words from the surrounding words on a given percentage
(another hyperparameter typically set to 15%) of all words in a corpus. For example, given the
sentence “Cats [MASK] dogs”, the model trained on masked language modeling predicts the words
that should go in the [MASK] token, e.g., “chase”.

Next sentence prediction is a task that is given an input sentence and a candidate sentence,
where 50% of the time the candidate sentence is replaced by a random sentence from the training
corpus, the model predicts whether the candidate sentence is the next sentence of the input sentence
or not. Since the inputs to the model are now two sentences, BERT uses the segment embeddings as
the third input embedding in addition to positional and token embeddings. The inputs to the first
layer of BERT are subword-level tokens segmented by WordPiece (Wu et al., 2016). It has shown
to improve multiple downstream NLP tasks by some margin over ELMo. The publicly available
pretrained modelsﬂ use BooksCorpus dataset and Wikipedia (16GB in total) to pretrain on it (Liu
et al., 2020).

RoBERTa (Liu et al., 2020) BERT has been further improved by a model called
RoBERTa. Referring from |Liu et al. (2020), the key elements of RoOBERTa compared to BERT

are (1) training on larger data such as 16GB of BooksCorpus dataset (Zhu et al., |2015)), 76GB

S https://github.com/google-research/bert
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of Common Crawls News dataset (Nagel, 2016), 38GB of OpenWebText dataset (Gokaslan and
Cohen, 2019)), and 31GB of Stories dataset (Trinh and Le, 2019)), (2) omitting the next sentence
prediction task during pretraining, and only using masked language modeling, (3) longer input
sequence, larger batch, and longer training steps, and (4) dynamic masking while pretraining using
masked language modeling, or masking random words for every sequence right before inputting to
the model rather than conduct masking as the preprocessing step.

BERT, RoBERTa, or its variants are dominant in the current NLP research because of its
scalability to training it on large text data, and pretraining happens on the whole model rather
than only at the embedding layer. Next section describes multilingual contextual embedding models
that are trained on multiple languages by a language modeling task, which surprisingly work well
compared to previous best practices on certain languages regardless of not using any bilingual

resources.

2.4.2 Multilingual Pretrained Language Models

Early work on the multilingual language models use explicit cross-lingual supervision signals
such as bilingual dictionaries (Schuster et al., [2019) or parallel corpora (Aldarmaki and Diab; [2019).
Later, multilingual BERT (Devlin et al., 2019, mBERT) jointly trains a single BERT model on
100+ languages without using any cross-lingual supervision signals such as a parallel corpus or a
bilingual dictionary. Multilingual pretrained language models are reported to transfer and scale
across multiple languages surprising well even though it does not use any cross-lingual supervision
signals (Pires et al., 2019). Recently, Wu et al. (2020) reported that monolingual BERT models
has also been reported have structural similarity across languages, which is similar to the static
word embedding methods having similar geometric arrangements (Mikolov et al., [2013a).

I now list and describe widely used multilingual language models. I also summarize the major
similarities and differences among such pretrained multilingual language models in Table There
are more recent multilingual models in the literature, for example mT5 (Xue et al., 2021b), but I

will focus on the following multilingual models in this dissertation.
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Model Pretraining Corpus Pretraining Task | Vocab. Size | # Langs
Wikipedia Common Crawl | NSP MLM
mBERT (cased) v v v 119,547 104
XLM-17 v v 200,000 17
XLM-100 v v 200,000 100
XLM-R (base) v v v 250,000 100

Table 2.1: Main differences across pretrained multilingual language models explored in this disser-
tation. The models are classified by (1) the pretraining corpus used, (2) the pretraining task used
such as next sentence prediction (NSP) and masked language modeling (MLM), (3) the vocabulary
size, and (4) the number of languages used during pretraining.

Multilingual BERT (Devlin et al., 2019, mBERT) mBERT is a single BERT model
trained on 1004 languages without using any cross-lingual supervision except shared vocabularies
across languages. Since this model is the first publicly released multilingual language model that
is trained on 100+ languages, it has been analyzed and studied in depth in the literature.

XLM (Lample and Conneau, 2019) XLM further adds two additional elements to
BERT, where one is adding the fourth additional input called language embedding or a train-
able vector associated to each language, and the other is using additional pretraining task called
Translation Language Modeling (TLM). However, I only compare against XLM models pretrained
without language embeddings and only using masked language modeling due to (1) having models
pretrained on various numbers of languages, and (2) to be comparable with other models. Namely,
I use XLM-17 and XLM-100.

XLM-RoBERTa (Conneau et al., 2020, XLM-R) XLM-R is a RoBERTa model pre-
trained on Common Crawls and Wikipedia corpus across 100 languages. Compared to mBERT,
it has a larger vocabulary size, uses SentencePiece (Kudo and Richardson, 2018) instead of Word-
Piece (Schuster and Nakajimaj [2012)) for tokenizing input strings, and larger and more corpora are

used for pretraining.

2.5 Language Similarity

One common issue in cross-lingual transfer learning is that the downstream stream task

results largely depend on 1) the choice of both source languages to train the model on, and 2)
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the target language to evaluate the model on. For analysis and practical purpose, computing
the similarities across languages is an important topic in cross-lingual NLP. How can we measure
the similarities between languages? Commonly used measure in the literature are either based
on the language families, which are often represented by a phylogenetic tree (e.g., Hammarstrom
et al.|(2021)), syntactic structures (e.g., noun-adjective order), or dominant word order (e.g., SOV,
SVO). All such features are accessible through language typology databases, such as World Atlas
of Language Structures (Dryer, 2013, WALS) or Ethnologue (Eberhard et al., 2021)).

In practice, all such language typological features from multiple databases are easily accessible
by lang2vec (Littell et al., 2017)), which is a Python library that maps each language to a single
vector using multiple language typological databases. [Lauscher et al.| (2020) use WALS and other
databases through lang2vec and show that the language similarities based on typological features
(syntactical, phonetical, and grammatical) have high correlation between various downstream task
results, such as POS tagging, named entity recognition, and natural language inference, using a
fine-tuned multilingual pretrained langauge models.

In addition to typological features, language similarities can be empirically calculated from
texts in each language. For example, Ahmad et al| (2019a) calculated the similarities among
languages based on the sentence structure (the left or right direction of the dependency) by fo-
cusing specifically on dependency parsing task. Later, Lin et al.| (2019) conduct detailed study on
the selection of transfer language based on data-dependent and data-independent features, where
data-dependent features are the empirical language similarities calculated from texts, and data-

independent features (i.e., language typological features).

2.6 Challenges in Cross-Lingual Learning

I now mention some open problems and difficulty in learning a cross-lingual model.
Linguistic Units of a Token One open question for cross-lingual models is what lin-
guistic units a model should consider. If focusing to consider words as tokens, then the issue of

the tokenization arises for languages without explicit whitespaces between words (e.g., Chinese,
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Japanese, Korean, and Thai), and also languages that use compound words as part of the grammar

rule (e.g., German). Word segmentation or tokenization is a fundamental step in NLP, which has

been researched in Japanese (Kudo et al., [2004; [Hagiwara and Sekine, 2013; Kaji and Kitsuregawa,

2014} Morita et al.l 2015; [Fujinuma and Grissom II, |2017)) or across multiple languages (Schuster

land Nakajimay, 2012; [Sennrich et al., 2016; Kudo and Richardson, 2018]).

Recently, this topic has been revisited in the context of Transformer-based models. Since
the input strings are tokenized into tokens and then Transformers use token embeddings to map
input strings to embeddings or real-valued vectors, which strings to consider as an token input to

Transformers becomes important especially for multilingual models. The linguistic units considered

in such Transformer-based models vary from words (Mikolov et al., [2013al), subwords (Peters et al.

2018 Devlin et al., 2019), characters (Peters et al., 2018} [Clark et al., |2021)), to bytes (Xue et al.

2021a} [Tay et al., 2021b)). There are trade-offs regarding which linguistic units to be considered as

tokens. If words are used, then it will be easier to interpret and debug the outputs of the model. If
I regard subwords, characters, or bytes as tokens, then (1) it will require less number of embedding
parameters compared to words, and (2) it will be robust to out-of-vocabulary words (i.e., words
which do not appear in the training data).

Inconsistency and Lack of Data across Languages When training NLP models, I use
two types of data. One is the labeled, where the data is associated with a label (e.g., a class of a
document for a document classification task), typically given by human annotators. However, these
labeled data are often not available in low-resource languages. To overcome this issue, one common

approach is cross-lingual transfer, i.e., training on a high-resource language and fine-tuning it

on the target low-resource language (Klementiev et al., 2012; Ruder et al. 2017).

Another type of data used to train NLP models are unlabeled or raw texts. Pretrained
language models can successfully exploit large unlabeled texts on languages. Therefore, pretraining
is successful in languages such as English because it has a rich source of labeled texts created by
linguists or crowd-source workers, and large amount of unlabeled texts. However, such a large

amount of texts are not always available in all languages. Dataset availability is important because
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pre-training contextualized embeddings and its quality is reported to decrease when having smaller
data (e.g., 20K parallel sentences (Schuster et al., 2019)).

Scaling across Arbitrary Languages Pretrained cross-lingual language models are still
under research on to what extent it can scale across languages. On cross-lingual dependency parsing,
Ahmad et al.| (2019b) report that when only using English labeled texts to fine-tune mBERT,
consistently outperform static cross-lingual word embeddings in 28 target languages. However, for
example Pires et al.[(2019) report that cross-lingual learning across typologically distant languages,
such as English and Japanese, is not successful compared to typologically closer languages (e.g.,
within the SVO languages). [Eisenschlos et al. (2019) report that the accuracy of Multilingual BERT
is inferior to static cross-lingual word embeddings by |[Ammar et al.| (2016) for multiple languages
on cross-lingual document classification. Finally, cross-lingual language models support languages
seen during pretraining and do not guarantee to have high performance on languages not seen
during pretraining (Chau et al., |2020). In Chapter |5, I analyze multilingual models with respect
to different languages used during pretraining.

In the next chapter, I first focus on the issue of the inconsistency and lack of data across
languages, especially on the lack of evaluation data, by proposing a resource-free metric to evaluate

cross-lingual word embeddings.



Chapter 3

Evaluating Cross-Lingual Word Embeddings by Graph Modularity

One problem of cross-lingual learning using cross-lingual word embeddings is that when one
of the target languages is a low-resource language, it often lacks the test data to evaluate trained
models for the task of interest. Intuitively, when cross-lingual word embeddings are “mixed” in
terms of languages, then cross-lingual transfer learning would likely be more successful. To quantify
how well mixed a given cross-lingual word embedding is, I propose a graph-based intrinsic metric
to evaluate the quality of cross-lingual word embeddings without requiring test data on the task of

interest. The contents discussed in this chapter are largely based on Fujinuma et al.| (2019).

3.1 Related Work on Evaluating Cross-Lingual Word Embeddings

Most work on evaluating cross-lingual embeddings focuses on extrinsic evaluation of down-
stream tasks (Upadhyay et al., 2016; Glavas et al.l [2019). However, intrinsic evaluations are crucial
since many low-resource languages lack annotations needed for downstream tasks. Thus, our goal
is to develop an intrinsic measure that correlates with downstream tasks without using any ex-
ternal resources. This section summarizes existing work on intrinsic methods of evaluation for
cross-lingual embeddings.

One widely used intrinsic measure for evaluating the coherence of monolingual embeddings
is QVEC (Tsvetkov et al., 2015)). | Ammar et al.| (2016) extend QVEC by using canonical correlation
analysis (QVEC-CCA) to make the scores comparable across embeddings with different dimensions.

However, while both QVEC and QVEC-CCA can be extended to cross-lingual word embeddings, they
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are limited: they require external annotated corpora. This is problematic in cross-lingual settings
since this requires annotation to be consistent across languages (Ammar et al., [2016)).

Other internal metrics do not require external resources, but those consider only part of
the embeddings. |Conneau et al.| (2018a) and Artetxe et al.| (2018) use a validation metric that
calculates similarities of cross-lingual neighbors to conduct model selection. Our approach differs
in that I consider whether cross-lingual nearest neighbors are relatively closer than intra-lingual
nearest neighbors.

Sogaard et al.| (2018)) use the similarities of intra-lingual nearest neighbors and compute graph
similarity between two monolingual lexical subgraphs built by subsampled words in a bilingual
lexicon. They further show that the resulting graph similarity has a high correlation with bilingual
lexical induction on MUSE (Conneau et al., [2018a). However, their graph similarity still only uses
intra-lingual similarities but not cross-lingual similarities.

These existing metrics are limited by either requiring external resources or considering only
part of the embedding structure (e.g., intra-lingual but not cross-lingual neighbors). In contrast,
our work develops an intrinsic metric which is highly correlated with multiple downstream tasks

but does not require external resources, and considers both intra- and cross-lingual neighbors.

3.2 Graph Modularity on Cross-Lingual Lexical Graphs

Graph modularity is originally defined to detect communities on a social network (Newman,
2003)). In the context of evaluating cross-lingual word embeddings, I regard the language of each
word (i.e., node) as the community of a node. Figure shows an example of embedding-driven
lexical graphs with different graph modualrities.

I now define graph modularity of an embedding-driven cross-lingual lexical graph. Formally,
given a cross-lingual word embedding, the first step is to derive a lexical graph G = (V, E) and its
adjacency matrix A. The weights of an edge correspond to the cosine similarity cos(i,j) between
words ¢ and j in the cross-lingual embedding space.

Conceptually, the modularity of a lexical graph is the difference between the proportion of



27

2R
By meal, rice
meal, rice) /

w7l

Kamo River

(a) Low Modularity (b) High Modularity

Figure 3.1: An example of a cross-lingual word embedding-driven lexical graph with low modularity
(languages mixed) and high modularity one using k-nearest neighbors of “eat” (left) and “firefox”
(right) in English and Japanese.

edges in the graph that connect two nodes from the same language and the expected proportion
of such edges in a randomly connected lexical graph. If edges were random, the number of edges
starting from node ¢ within the same language would be the degree of node i, d; = Zj A;; for
a weighted graph, following Newman (2004), times the proportion of words in that language.

Summing over all nodes gives the expected number of edges within a language,

1
a; = % Z d;1 [gi = l] > (3'1)

where m is the number of edges, g; is the label of node ¢, and 1[-] is an indicator function that
evaluates to 1 if the argument is true and 0 otherwise. Each node i has a label g; indicating the
word’s language.

Next, I count the fraction of edges e;; that connect words of the same language:

1
=g - D Aillg=11[g =1]. (3.2)
ij

Given L different languages, I calculate overall modularity @ by taking the difference between ey

and al for all languages:

L
Q= Z(ell — ap). (3.3)
=1
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Since @) does not necessarily have a maximum value of 1, I normalize modularity:

Q

Qnorm = 5
Qmax

(3.4)

where Qmaz = 1 — ZZL: 1(a?). The higher the modularity, the more words from the same language
appear as nearest neighbors. Figure|3.1|shows the example of a lexical subgraph with low modularity
(left, Qnorm = 0.143) and high modularity (right, Qnorm = 0.672).

Our hypothesis is that cross-lingual word embeddings with lower modularity will be more
successful in downstream tasks. If this hypothesis holds, then modularity could be a useful metric

for cross-lingual evaluation.

3.3 Cross-Lingual Mapping Methods Used in the Experiments

Three supervised (MSE, MSE+Orth, cCA) and the two unsupervised (MUSE, VECMAP) cross-
lingual mappings explored in this chapterﬂ

Mean-squared error (MSE) MSE is using Eq. introduced by Mikolov et al.| (2013a)),
which minimizes the mean-squared error of bilingual entries in a training lexicon, to learn a pro-
jection between two embeddings. Here, I use the implementation by Artetxe et al. (2016).

MSE with orthogonal constraints (MSE+Orth) MSE+Orth is adding length normal-
ization and orthogonal constraints to preserve the cosine similarities in the original monolingual
embeddings (Xing et al., 2015)). I further follow Artetxe et al. (2016 and further preprocess mono-
lingual embeddings by mean centeringE]

Canonical Correlation Analysis (CCA) CCA is the method proposed by Faruqui and
Dyer| (2014) which maps two monolingual embeddings into a shared space by maximizing the
correlation between translation pairs in a bilingual lexicon.

MUSE by Conneau et al. (2018a) As introduced and explained in depth in Sec-

tion [2.3.3.1] MUSE uses language-adversarial learning (Ganin et al., [2016) to induce the initial

1 T use the implementations from original authors with default parameters unless otherwise noted.
2 This preprocessing is equivalent to one round of iterative normalization (Zhang et al., 2019)
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bilingual seed lexicon, followed by a refinement step, which iteratively solves the orthogonal Pro-
crustes problem (Schonemann, |1966; |Artetxe et al.| [2017)), aligning embeddings without an external
bilingual lexicon. Like MSE+Orth, vectors are unit length and mean centered. Since MUSE is un-
stable (Artetxe et al. 2018} Sggaard et al., [2018), I report the best of five runs.

VECMAP by Artetxe et al.| (2018) VECMAP proposed by |Artetxe et al.| (2018) induces
an initial bilingual seed lexicon by aligning intra-lingual similarity matrices computed from each
monolingual embedding. I report the best of five runs to address uncertainty from the initial

dictionary.

3.4 Correlation to Cross-Lingual Downstream Tasks

I now show that graph modularity is a metric that can predict the downstream task perfor-
mance without requiring test data in that task. Graph modularity on a cross-lingual lexical graph
can capture an important characteristic of a cross-lingual word embedding, which is indicative of

the downstream task performance.

3.4.1 Task 1: Document Classification

I now explore the correlation of modularity and accuracy in cross-lingual document classifica-
tion. I classify documents from the Reuters Revl and Rev2 corpora (Lewis et al., |2004). Documents

have one of four labels (Corporate/Industrial, Economics, Government/Social, Markets). I follow

Klementiev et al. (2012)), except I use all EN training documents and documents in each target
language (DA, ES, IT, and JA) as tuning and test data. After removing out-of-vocabulary words, I
split documents in target languages into 10% tuning data and 90% test data. Test data are 10,067
documents for DA, 25,566 for 1T, 58,950 for JA, and 16,790 for ES. I exclude languages Reuters
lacks: HU and AM. I use deep averaging networks (Iyyer et al) 2015, DAN) with three layers,
100 hidden states, and 15 epochs as our classifier. The DAN had better accuracy than averaged

perceptron (Collins|, 2002) in Klementiev et al.| (2012).
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Figure 3.2: Document classification accuracy and modularity of cross-lingual word embeddings
(p = —0.665): less modular cross-lingual mappings have higher accuracy.

Method Acc. Modularity

MSE 0.399 0.529

Supervised CCA 0.502 0.513
MSE+Orth  0.628 0.452

Unsupervised MUSE 0.711 0.431
VECMAP 0.643 0.432

Table 3.1:  Average classification accuracy on (EN — DA, ES, IT, JA) along with the average
modularity of five cross-lingual word embeddings. MUSE has the best accuracy, captured by its low
modularity.

Results [ report the correlation value computed from the data points in Figure Spear-
man’s correlation between modularity and classification accuracy on all languages is p = —0.665.
Within each language pair, modularity has a strong correlation within EN-ES embeddings (p =
—0.806), EN-JA (p = —0.794), EN-IT (p = —0.784), and a moderate correlation within EN-DA em-
beddings (p = —0.515). MUSE has the best classification accuracy (Table [3.1)), reflected by its low
modularity.

Error Analysis A common error in EN — JA classification is predicting Corporate/Industrial

for documents labeled Markets. One cause is documents with #&H “closing price”; this has few

market-based English neighbors (Table . As a result, the model fails to transfer across lan-
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M “market” #4fH “closing price”
Fril “new coming” I “gains”
market A “stock price”
markets FEHIEK “yearly”

#RGEH “bearish” ¥ “continued fall”
~—%7 v b “market” HPFR “contract month”
L “activity” 2l “low price”

FH3% “market price”  #f#H “continuous rise”
JEA “bottoming” HiH “previous day”
#5%% “exchange” W) “futures”

ctoc /M “narrow range”

Table 3.2: Nearest neighbors in an EN-JA embedding. Unlike the JA word “market”, the JA word
“closing price” has no EN vector nearby.

guages.

3.4.2 Task 2: Bilingual Lexical Induction (BLI)

Our second downstream task explores the correlation between modularity and bilingual lexical
induction (BLI). I evaluate on the test set from Conneau et al.| (2018al), but I remove pairs in the
seed lexicon from [Rolston and Kirchhoff| (2016)). The result is 2,099 translation pairs for ES, 1,358
for 1T, 450 for DA, and 973 for JA. I report precision@1 (P@1) for retrieving cross-lingual nearest
neighbors by cross-domain similarity local scaling (Conneau et al., 2018al CSLS).

Results Although this task ignores intra-lingual nearest neighbors when retrieving trans-
lations, modularity still has a high correlation (p = —0.785) with P@1 (Figure [3.3). MUSE and
VECMAP beat the three supervised methods, which have the lowest modularity (Table . P@l is
low compared to other work on the MUSE test set (e.g., Conneau et al. (2018a))) because I filter out
translation pairs which appeared in the large training lexicon compiled by [Rolston and Kirchhoff
(2016), and the raw corpora used to train monolingual embeddings are relatively small compared

to Wikipedia.

3.4.3 Task 3: Document Retrieval in Low-Resource Languages

As a third downstream task, I turn to an important task for low-resource languages: lexicon

expansion (Gupta and Manning, 2015; Hamilton et al., 2016) for document retrieval. Specifically,
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Method P@1 Modularity

MSE 7.30 0.529

Supervised CCA 3.06 0.513
MSE+Orth  10.57 0.452

Unsupervised MUSE 11.83 0.431
VECMAP 12.92 0.432

Table 3.3: Average precision@l on (EN — DA, ES, IT, JA) along with the average modularity of
the cross-lingual word embeddings trained with different methods. VECMAP scores the best PQ1,
which is captured by its low modularity.

I start with a set of EN seed words relevant to a particular concept, then find related words in
a target language for which a comprehensive bilingual lexicon does not exist. We focus on the
disaster domain, where events may require immediate NLP analysis (e.g., sorting SMS messages to
first responders).

I induce keywords in a target language by taking the n nearest neighbors of the English
seed words in a cross-lingual word embedding. I manually select sixteen disaster-related English
seed words from Wikipedia articles, “Natural hazard’ and “Anthropogenic hazard’. Examples of
seed terms include “earthquake” and “flood”. Using the extracted terms, I retrieve disaster-related
documents by keyword matching and assess the coverage and relevance of terms by area under the

precision-recall curve (AUC) with varying n.

Test Corpora As positively labeled documents, I use documents from the LORELEI project
(Strassel and Traceyl [2016) containing any disaster-related annotation. There are 64 disaster-
related documents in Ambharic, and 117 in Hungarian. I construct a set of negatively labeled
documents from the Bible; because the LORELEI corpus does not include negative documents and
the Bible is available in all our languages (Christodouloupoulos and Steedmanl [2015), I take the
chapters of the gospels (89 documents), which do not discuss disasters, and treat these as non-
disaster-related documents.

Results Modularity has a moderate correlation with Auc (p = —0.378, Table . While
modularity focuses on the entire vocabulary of cross-lingual word embeddings, this task focuses on
a small, specific subset—disaster-relevant words—which may explain the low correlation compared

to BLI or document classification.
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MSE 0.578  0.628
CCA 0.345 0.501
AM MSE+Orth 0.606  0.480
MUSE 0.555  0.475
VECMAP 0.592  0.506
MSE 0.561  0.598
CCA 0.675  0.506
HU MSE+Orth 0.612  0.447
MUSE 0.664  0.445
VECMAP 0.612  0.432
Spearman Correlation p —0.378

Table 3.4: Correlation between modularity and area-under-the-curve (AUC) on document retrieval.
It shows a moderate correlation to this task.

3.5 Use Case: Model Selection for MUSE

A common use case of intrinsic measures is model selection. I focus on MUSE (Conneau
et al [2018a) since it is unstable, especially on distant language pairs (Artetxe et all [2018; Segaard
et al., |2018} [Hoshen and Wolfl 2018)) and therefore requires an effective metric for model selection.
MUSE uses a validation metric in its two steps: (1) the language-adversarial step, and (2) the
refinement step. First the algorithm selects an optimal mapping W using a validation metric,
obtained from language-adversarial learning (Ganin et al., [2016). Then the selected mapping W
from the language-adversarial step is passed on to the refinement step (Artetxe et al. 2017) to
re-select the optimal mapping W using the same validation metric after each epoch of solving the
orthogonal Procrustes problem (Schonemann, (1966).

Normally, MUSE uses an intrinsic metric, CSLS of the top 10K frequent words (Conneau et al.,
2018a), csLs-10K). What if modularity is used instead? To test modularity as a validation metric
for MUSE, we compute modularity on the lexical graph of 10K most frequent words (Mod-10K; I
use 10K for consistency with cSLS on the same words) after each epoch of the adversarial step and
the refinement step and select the best mapping.

The important difference between these two metrics is that Mod-10K considers the relative

similarities between intra- and cross-lingual neighbors, while ¢SLS-10K only considers the similari-
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Family Lang. csls-10K Mod-10K
Avg. Best  Avg. Best
Germanic DA 52.62 60.27 52.18 60.13
DE 75.27 75.60 75.16 75.53
Romance S 74.35 83.00 74.32 83.00
IT 78.41 7880 78.43 78.80
Indo- FA 27.79 3340 2777 33.40
Tranian HI 25.71  33.73 26.39 34.20
BN 0.00 0.00 0.09 0.87
FI 4.71 4707 4.71 4707
HU 52.55 54.27 5235 54.73
JA 18.13 49.69 36.13 49.69
Others ZH 5.01 37.20 10.75 37.20
KO 16.98  20.68 17.34 22.53
AR 1543 33.33 15.71 33.67
D 67.69 6840 67.82 68.40
VI 0.01 0.07 0.01 0.07

Table 3.5: BLI results (precision@1l x100%) from EN to each target language with different val-
idation metrics for MUSE: default (CcsLs-10K) and modularity (Mod-10K). I report the average
(Avg.) and the best (Best) from ten runs with ten random seeds for each validation metric. Bold
values are mappings that are not shared between the two validation metrics. Mod-10K improves
the robustness of MUSE on distant language pairs.

ties of cross-lingual nearest neighborsE]

Experiment Setup The pre-trained fastText vectors (Bojanowski et al., |2017) to be com-
parable with the prior work. Following Artetxe et al. (2018)), all vectors are unit length normalized,
mean centered, and then unit length normalized. The test lexicon is from |Conneau et al. (2018al).
All experiments run ten times with the same random seeds and hyperparameters but with different
validation metrics. Since MUSE is unstable on distant language pairs (Artetxe et al., 2018; Sggaard
et al., |2018} [Hoshen and Wolf] 2018)), I test it on English to languages from diverse language fami-
lies: Indo-European languages such as Danish (DA), German (DE), Spanish (ES), Farsi (FA), Italian
(1T), Hindi (HI), Bengali (BN), and non-Indo-European languages such as Finnish (¥1), Hungarian
(nu), Japanese (JA), Chinese (zH), Korean (KO), Arabic (AR), Indonesian (ID), and Vietnamese
(v1).

Results Table [3.5 shows precision@1 on BLI for each target language using English as

3 Another difference is that k-nearest neighbors for csLs-10K is k = 10, whereas Mod-10K uses k = 3. However,
using k = 3 for csLs-10K leads to worse results; I therefore only report the result on the default metric i.e., kK = 10.
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the source language. Mod-10K improves precision@1 over the default validation metric in diverse
languages, especially on the average precision@1 for non-Germanic languages such as JA (+18.00%)
and zZH (4+5.74%), and the best precision@1 for KO (4+1.85%). These language pairs include pairs
(EN-JA and EN-HI), which are difficult for MUSE (Hoshen and Wolf, [2018]). Improvements in JA come
from selecting a better mapping during the refinement step, which the default validation misses.
For zH, HI, and KO, the improvement comes from selecting better mappings during the adversarial
step. However, modularity does not improve on all languages (e.g., VI) that are reported to fail by

Hoshen and Wolf| (2018)).

3.6 Comparison to Other Intrinsic Evaluation Metrics

The experiments so far show that modularity captures whether an embedding is useful,
which suggests that modularity could be used as an intrinsic evaluation or validation metric. Here,
I investigate whether modularity can capture distinct information compared to existing evaluation
measures: QVEC-CCA (Ammar et all 2016), csLs (Conneau et al., 2018a), and cosine similarity
between translation pairs.

When fitting a linear regression model to predict the classification accuracy, four intrinsic
measures are used: QVEC-CCA, CSLS, average cosine similarity of translations, and modularity. 1
ablate each of the four measures, fitting linear regression with standardized feature values, for two
target languages (IT and DA) on the task of cross-lingual document classification. I limit to IT
and DA because aligned supersense annotations to EN ones (Miller et al., [1993)), required for QVEC-
CCA are only available in those languages (Montemagni et al., 2003; [Martinez Alonso et al., 2015;
Martinez Alonso et al) 2016; Ammar et al., 2016). I standardize the values of the four features
before training the regression model. Omitting modularity hurts accuracy prediction on cross-
lingual document classification substantially, while omitting the other three measures has smaller
effects (Figure . Thus, modularity complements the other measures and is more predictive of

classification accuracy.
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3.7 Discussion: What Modularity Can and Cannot Do

In this chapter, I focus on modularity as a diagnostic tool: it is cheap and effective at
discovering which embeddings are likely to falter on downstream tasks. Thus, practitioners should
consider including it as a metric for evaluating the quality of their embeddings. Additionally, I
believe that modularity could serve as a useful prior for the algorithms that learn cross-lingual
word embeddings: during learning prefer updates that avoid increasing modularity if all else is
equal.

Nevertheless, there are limitations of modularity. Consider the following cross-lingual word
embedding “algorithm”: for each word, select a random point on the unit hypersphere. This is
a horrible distributed representation: the position of words’ embedding has no relationship to the
underlying meaning. Nevertheless, this representation will have very low modularity. Thus, while
modularity can identify bad embeddings, once vectors are well mixed, this metric—unlike QVEC or
QVEC-CCA—cannot identify whether the meanings make sense.

This chapter proposes the evaluation method of cross-lingual using graph modularity to
evaluate cross-lingual word embeddings. However, so far the use of graph modualarity is limited to
be included as a validation metric in the training pipeline and not included as part of the objective
function. The next chapter introduces the work on improving cross-lingual word embeddings by
modifying objective functions and using a task-specific model for cross-lingual transfer learning.
I first introduce the approach to directly optimize the graph modularity metric inspired by the

results from this chapter.
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Figure 3.3: Bilingual lexical induction results and modularity of cross-lingual word embeddings
(p = —0.789): lower modularity means higher precision@1.
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Figure 3.4: I predict the cross-lingual document classification results for DA and 1T from Figure [3.2]
using three out of four evaluation metrics. Ablating modularity causes by far the largest decrease
(R? = 0.814 when using all four features) in R?, showing that it captures information complemen-
tary to the other metrics.



Chapter 4

Improving Cross-Lingual Learning

This chapter turns from evaluating cross-lingual representations to improving cross-lingual
representations. The contents in this chapter are largely based on|Zhang et al.| (2020) and Fujinuma
and Hagiwara (2021)[|

Section introduces graph auto-encoder (GAE) to incorporate graph modularity in the
loss function while training cross-lingual word embeddings with mixed results. Section [4.2 further
prunes the architecture of GAE and focus on the graph encoder, which shows consistent improve-
ment in the bilingual lexical induction task. Section [£.3] experiments cross-lingual dependency
parsing with a simple approach to improve cross-lingual word embeddings using a bilingual lexicon.
Finally, Section[4.4] discusses a way to improve in a task-specific setting using readability estimation

for second language learners as an example.

4.1 Optimizing Graph Modularity Using Graph Auto-Encoders

This section discusses the results on incorporating graph modularity as a loss function when

training cross-lingual word embeddings.

4.1.1 Graph Auto-Encoders (GAE)

Inspired from Faruqui et al.| (2015)’s work on using graph-based approach to refine word

embeddings, this section introduces a method to refine a given cross-lingual word embedding using

1 Section is based on |Zhang et al.|(2020) and Section is based on [Fujinuma and Hagiwara| (2021)).
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Figure 4.1:  Overview of the pipeline to train and refine cross-lingual word embeddings using

graph auto-encoder (GAE). I focus and explore the importance of using refinement methods to
pre-trained cross-lingual word embeddings.

a graph auto-encoder (GAE). One main difference between existing retro-fitting methods is using
the local neighborhood similarities of pre-trained embeddings as the only supervision signals. 1
introduce a preprocessing step that converts word embeddings into a lexical graph, and then explain
each component of our proposed method: Supervision by a bilingual lexicon, and graph auto-
encoder.

Supervision by Bilingual Lexicon I follow [Mikolov et al. (2013a)) and include the su-
pervision from a bilingual lexicon by mean squared loss of given aligned translation pairs. I further

include oracle aligned node pairs (s,t) € Tirqin to the overall loss function:

n

1
Laign = 32 b= hal} (11)
(Svt)ETt'rain

where Lgjig, is the mean-squared loss for aligned vectors given by a bilingual lexicon, h, and h;
are the corresponding hidden layer for a source word s and a target word t.

Preserving Local Neighborhood of Embedding-Driven Lexical Graphs

Given a cross-lingual word embedding C' outputted from exisiting methods, we first convert it
into a k-nearest neighbor (kNN) lexical graph G = (V, E). Nodes V are the vocabularies in a cross-
lingual word embedding, edges E are weighted by the sigmoid of the cosine similarity between words
i.e., ej; = o(cos(vi,v;)). This pre-processing step avoids the non-differentiablity issue of kNN Plotz

and Roth| (2018) during optimization.
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Given a cross-lingual lexical graph, graph auto-encoders (GAE) embed every node in a graph
into a real-valued vector such that it can reconstruct the original input graph. I use the method
by Kipf and Welling (2016)). Given an adjacency matrix A of the cross-lingual lexical graph G,

graph convolutional network (Kipf and Welling}, 2017, GCN) with parameters W € RIVIxh ig
h=0.(WXAnorm) (4.2)

where h € RIVI*" is the embeddings, o, is the activation function for the encoder, W is a linear
transformation matrix, X is the feature representation for each node, and A, orm = D 2AD™? is
the normalized adjacency matrix of A, where D is the degree matrix of A. In practice, we use
X = I and identity function for the activation function o,.
The reconstructed adjacency matrix A is decoded from the embeddings h € RIVI*" from
Eq.[A2 ie.,
A = og(hhT) (4.3)

where o4 is the activation function for the decoder applied to each element. In practice, we use the
sigmoid function to have an output of [0,1]. hh” enforces A to become a symmetric matrix, which
preserves the property of the original input adjacency matrix A.

The reconstruction loss function Ljeconst is defined as the cross-entropy loss between the

original input matrix A and the reconstructed adjacency matrix fl, ie,
1 |E| .
Lyeconst = _@ Z Aij IOg <A23>
ij (4.4)
+ (1 — Az]) 10g<1 — AU)
which predicts the weight (i.e., the similarity of word 7 and j) of each edge flij in the reconstructed
adjacency matrix A. The reconstruction loss also exploits information of the edges which do not

exist (i.e., A;; = 0), and enforces those nodes to have weights close to zero in the reconstructed

adjacency matrix A;;.
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4.1.1.1 Encouraging Cross-Lingual Mixture by Modularity Regularizer

The reconstruction loss in the previous section only preserves the intra-lingual similarity,
and there is a risk of producing cross-lingual word embeddings which overly clusters intra-lingual
neighbors. To encourage the two monolingual embeddings to be mixed, we further add a regularizer
based on modularity of a cross-lingual lexical graph. Modularity @ (Newman, 2006b)) is a graph-
based metric which quantifies the strength of the clusters of given communities (i.e., languages in

our case) of a given graph. Given number of languages [, modularity is computed as
Q = Tr(H" BH) (4.5)

where H € {0, 1}‘V‘Xl is the community indicator matrix, which is a one-hot representation of
the language of each node, and B is the modularity matrix (Newman, 2006b)) where each element

Bz'j € R of Bis
kik;

2m’

Bij = Aij —

(4.6)

where k; is the degree of node i (which counts both intra- and cross-lingual edges), and m is the

total number of edges in A. Intuitively, this value shows the difference between the existence of an

kik;
2

intra-lingual edge flij and the expected number of intra-lingual edges 3>

based only on the degree
of each node. The number of languages [ is two for training a bilingual word embedding.

When a reconstructed lexical graph has negative modularity, the graph becomes bipartite,
i.e., no intra-lingual edges and only cross-lingual edges exists (Newman, [2006al). However, we want
the cross-lingual neighbors to appear as much as intra-lingual neighbors do, and we do not want
nearest neighbor graphs derived from a cross-lingual embedding to be bipartite. To penalize a
cross-lingual lexical graph being a bipartite graph, we add the L2 norm on top of the modularity

regularizer

Liod = ||QH2 (47)

Finally, we define the overall loss L as the sum of reconstruction 10ss Lyeconst, Supervision loss

Ljign with regularization parameter A with regularization parameter A, and modularity regularizer
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Method EN-ES EN-DE EN-TR EN-KO EN-JA EN-FI EN-AM EN-TI
Procrustes 37.9 25.0 9.8 5.3 12.5 9.5 2.1 *2.6
RCSLS 37.7 25.9 13.5 11.6  *155 11.9 *3.0 4.0
GAE 22.5 17.3 11.6 16.5 20.0 8.7 3.4 4.0
GAE-+mod 25.8 20.2 13.5 17.2 20.9 10.4 3.1 4.0

Table 4.1: BLI results (Precision@1) on the MUSE test using fastText trained on the corpora
from the Leipzig corpora collection (Goldhahn et al., 2012)) and the LORELEI dataset (Strassel
and Tracey, [2016]). The values with (*) are obtained by nearest neighbor retrieval using cosine
similarity, which gave higher score than using CSLS.

Lyn0q with regularization parameter A:

L= Lreconst + Lalign + )\Lmod- (48)

4.1.2 Experiments
4.1.2.1 Results on Monolingual Embeddings Trained on Small Corpora

Table shows the BLI results using all resources available i.e., full size corpus and full size
training lexicon. There is a trend that GAE is robust on etymologically distant language pairs
(English to Turkish, Korean, Japanese, Finnish, Amharic, and Tigrinya). For close language pairs
(English-Spanish and English-German), the projection-based approaches outperform GAE.

Comparing with and without adding modularity regularizer to GAE improves on all language
pairs except for English-Amharic (Table . This is consistent with the results on the synthetic

data.

4.1.2.2 Results on Monolingual Embeddings Trained on Wikipedia

To further confirm that the results on low-resource languages hold on monolingual embeddings
trained on other corpora, we further test our methods using the pre-trained fastText vectors trained
on Wikipedia provided by |Bojanowski et al.| (2017)).

The trend is also similar using the Wikipedia vectors. In Table[4.2] projection-based methods

outperforms on English-Spanish, but GAE and GAE+mod outperform on English to low-resource



43

Method EN-ES EN-AM EN-TI
Procrustes 81.1 4.9 *2.8
RCSLS 81.8 *4.0 4.9
GAE 21.7 81 10.5

GAE+mod 12.1 8.8 8.3

Table 4.2: BLI results (Precision@1) on the MUSE test set pre-trained fastText vectors trained
on Wikipedia provided by |Bojanowski et al.| (2017)).

languages (Amhari(ﬂ and Tigrinya).

In this section, we see mixed results using GAE in Table and Table that do not
show consistant improvement over commonly-used cross-lingual word embedding methods such as
Orthogonal Procrustes and RCSLS. To further dive deep into the results, we prune GAE and focus

on its graph encoder part in the next section.

4.2 Improving Cross-Lingual Word Embeddings by Linear Graph Encoder

Existing pre-trained methods (language model (Devlin et all [2019) or skip-gram models
(Mikolov et al.| 2013b))) encode useful structure (e.g., words with similar meanings are embededded
close to each other) in the pre-trained parameters, both intra- and cross-lingually, in the pre-training
step. One problem of fine-tuning these parameters for downstream tasks is that it can easily break
its useful structure.

One key solution is to preserve the local neighborhood structure. [Nakashole and Flauger
(2018)) report that a single linear mapping to map from language embedding to another embedding
is not enough to fully exploit the training bilingual dictionary while learning cross-lingual word
embeddings. Their work further supports the focus on the local structure of embeddings rather
than the global one when learning static cross-lingual word embeddings. However, Nakashole| (2018)
also reports that training a single linear mapping from one embedding space to another still achieves
better results on the benchmark dataset.

To preserve the local neighborhood structure in cross-lingual embeddings, we propose a

2 Amharic Wikipedia is around 400 times smaller than the English one https://meta.wikimedia.org/wiki/List_
of _Wikipedias,


https://meta.wikimedia.org/wiki/List_of_Wikipedias
https://meta.wikimedia.org/wiki/List_of_Wikipedias
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method which adds local structural bias during training to refine static cross-lingual word em-

beddings.

4.2.1 Graph Convolutional Network (GCN) and Linear Graph Encoder

Kipf and Welling| (2017) proposed an approach to apply a neural network on graphs. GCN
has been used in several domains, including texts (Vashishth et al., |2019). Given a set of vertices
V, a set of edges E, and a graph G = (V, E) and its adjacency matrix A € RIVI*IVI each layer

h; € RIVIXM in GON is computed using the previous layer h;_; as
h; = o(Ah;_1W)) (4.9)

where ¢ is a non-linear activation function, and W; € RM-1*M is the parameter matrix for the ith

layer. The first layer h; is computed as

Wy, € R**M s the parameter matrix, X € RIVI*¥* ig the feature representation matrix with z
dimensions for each node in V.

Because [Salha et al.| (2019) report that non-linear activation is not always necessary, I use the
simplified version of GCN called linear graph encoder (Salha et al., 2019) i.e., activation function
being an identity function

h, = AW, (4.11)

to encode structural bias during training.

4.2.2 Encoding Local Structural Bias

I now introduce how to encode local structural bias into the model. Salha et al.|(2019)) discuss
that the linear graph encoder (Eq. , i.e. GCN without a non-linear activation function, is
sufficient to embed nodes and conduct link prediction and node clustering. In the preliminary

experiments on comparing GCN and the linear graph encoder, GCN slightly performed worse
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(a) Synthetic pre-trained cross- (b) Retrofitted with the linear (c) Retrofitted without the linear
lingual word embeddings. graph encoder. graph encoder.

Figure 4.2: Example results on with and without the linear graph encoder on the synthetic data.
Retrofitting minimizes the Euclidean distance between the vector v’ assigned to the red point a
and the vector v’ assigned to the blue point a.

when retrofitting cross-lingual word embeddings, and therefore, we use the linear graph encoder
for the rest of this chapter.

I encode structural bias by using a linear graph encoder using a k-nearest neighbor graph of
the pre-trained embeddings. Let X be the pre-trained embedding matrix and X’ be the refined
embedding embedded by modifying the original embedding matrix X by the perturbation vectors
AW i.e.,

X' =X+ AW (4.12)

where A is the adjacency matrix and W are the parameters. I freeze X and A during the training,
and only optimize W.
For retrofitting the static cross-lingual word embeddings, we use the loss function
Lretroﬁt(W) = Z HX; - X;HZ (413)
(i,5)€D

where ¢ and j are the translation pair words in the training bilingual dictionary.

4.2.2.1 Experiment on Synthetic Data

I first experiment the effectiveness of the linear graph encoder on refining static cross-Lingual

word embeddings using a training bilingual dictionary. Figure shows the result of using the
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Methods FR DE JA ZH KO AR TH
OrthProc 84.23 82.01 63.32 59.08 59.64 55.84 46.39
+Retrofit 80.49 79.33 61.53 63.58 60.73 47.79 46.13
+Retrofit+graph enc. 85.04 82.49 65.30 64.70 63.09 57.75 48.18
RCSLS 84.84 83.52 68.04 71.07 66.18 59.39 45.95
+Retrofit 78.64 78.11 58.18 67.51 60.82 44.16  41.67

+Retrofit+graph enc. 85.18 84.75 69.41 72.85 67.27 60.17 47.46

Table 4.3: BLI results (Precision@1) on each target language with and without using linear graph
encoder (graph enc.). Without the linear graph encoder, it shows consistent decrease in the BLI
results after retrofitting the pre-trained cross-lingual word embeddings.

linear graph encoder on the synthetic data. This synthetic experimental result shows that it can

retrofit using the training dictionary while maintaining the local structure.

4.2.2.2 Experiment on Real Data

I now experiment on the real data. For the pre-trained monolingual word embeddings, we
use the one by |Grave et al.| (2018). For the training and test bilingual dictionaries, we use the
MUSE lexicon (Conneau et al., [2018a). Using the pre-trained monolingual word embeddings and
training bilingual dictionaries, I train cross-lingual word embeddings using two different methods:
Orthogonal Procrustes (Xing et al, 2015 and Relaxed CSLS (Joulin et al., 2018, RCSLS).

Table[4.3|shows the BLI results on retrofitted cross-lingual word embeddings with and without
using the linear graph encoder. I use the maximum size of training bilingual dictionaries available in
the MUSE dataset (Conneau et al., |2018a)). Precision@1 consistently decreases on the BLI results

without the linear graph encoder, and therefore, it shows that local structural bias is a good bias.

4.3 Simple Approach: Overfitting to a Bilingual Lexicon

In the previous section, the simple retrofitting decreases the accuracy on the bilingual lexical
induction task. However, |Glavas et al. (2019) report that the results on the bilingual lexical
induction task do not necessarily correlate with the results on downstream tasks. In this section,

we further examine the effect of a simple retrofitting method on the cross-lingual dependency



parsing task.
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4.3.1 Overfitting and its Effect on Dependency Parsing

Here, a simple approach is explored to further exploit a bilingual lexicon: first train projection-
based CLWE and then retrofit to the training dictionary (Figure [4.1)). Retrofitting was originally
introduced for refining monolingual word embeddings with synonym constraints from a lexical
ontology (Faruqui and Dyer, 2014). For CLWE, I retrofit using the training dictionary D as the
ontology.

Intuitively, retrofitting pulls translation pairs closer while minimizing deviation from the
original CLWE. Let X’ and Z’ be CLWE trained by a projection-based method, where X' = WX
are the projected source embeddings and Z’ = Z are the target embeddings. The new CLWE X
and Z are learned by minimizing

L=Ly+ Ly, (4.14)

where L, is the squared distance between the updated CLWE from the original CLWE:
Lo=a|X - X'|*+alZ - Z'|?, (4.15)
and Ly is the total squared distance between translations in the dictionary:
Ly= Y Billa:i — 5l (4.16)
(4,5)€D
The same « and (8 as [Faruqui and Dyer| (2014) are used to balance the two objectives.
Retrofitting tends to overfit. If « is zero, minimizing L; collapses each training pair to the
same vector. Thus, all training pairs are perfectly aligned. In practice, I use a non-zero « for

regularization. If the training dictionary covers predictive words, I expect retrofitting to improve

downstream task accuracy.

4.3.2 Retrofitting to Synthetic Dictionary

While retrofitting brings pairs in the training dictionary closer, the updates may also separate
translation pairs outside of the dictionary because retrofitting ignores words outside the training

dictionary. This can hurt both BLI test accuracy and downstream task accuracy. In contrast,
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projection-based methods underfit but can discover translation pairs outside the training dictionary.
To keep the original CLWE’s correct translations, we retrofit to both the training dictionary and a
synthetic dictionary induced from CLWE (orange, Figure .

Early work induces dictionaries from CLWE through nearest-neighbor search (Mikolov et al.,
2013a)). I instead use cross-domain similarity local scaling (Conneau et al., 2018al CSLS), a trans-
lation heuristic more robust to hubs (Dinu et al., |2014) (a word is the nearest neighbor of many
words). I build a synthetic dictionary D’ with word pairs that are mutual CSLS nearest neighbors.
I then retrofit the CLWE to a combined dictionary D U D’. The synthetic dictionary keeps closely

aligned word pairs in the original CLWE, which sometimes improves downstream models.

4.3.3 Experiments

I retrofit three projection-based CLWE to their training dictionaries and synthetic dictionaries

and evaluate on the dependency parsing task.

4.3.3.1 Embeddings and Dictionaries

I align English embeddings with six target languages: German (DE), Spanish (ES), French (FR),
Italian (IT), Japanese (JA), and Chinese (zH). I use 300-dimensional fastText vectors trained on
Wikipedia and Common Crawl (Grave et al., 2018]). I lowercase all words, only keep the 200K most
frequent words, and apply five rounds of Iterative Normalization (Zhang et al., 2019).

I use dictionaries from MUSE (Conneau et al.,|2018a)), a popular BLI benchmark, with standard
splits: train on 5K source word translations and test on 1.5K words for BLI. For each language, 1
train three projection-based CLWE: canonical correlation analysis (Faruqui and Dyer} 2014, cca),
MSE+Orth using the implementation by Conneau et al. (2018a), and Relaxed csLs loss (Joulin
et al., 2018, RCSLS). I retrofit these CLWE to the training dictionary (pink in figures) and to both
the training and the synthetic dictionary (orange in figures).

In MUSE, words from the training dictionary have higher frequencies than words from the
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80 W Original [l +retrofit || +synthetic

DE ES FR IT JA RU ZH AVG

Figure 4.3: Dependency parsing with MSE+Orth

0 Original | +retrofit | +synthetic

80

DE ES FR IT JA RU ZH AVG

Figure 4.4: Dependency parsing with cca

80 W0 Original [ +retrofit | +synthetic

DE ES FR IT JA RU ZH AVG

Figure 4.5: Dependency parsing with RCSLS

Figure 4.6: For each CLWE, we report accuracy for document classification (left) and unlabeled
attachment score (UAS) for dependency parsing (right). Compared to the original embeddings
(gray), retrofitting to the training dictionary (pink) improves average downstream task scores,
confirming that fully exploiting the training dictionary helps downstream tasks. Adding a synthetic
dictionary (orange) further improves test accuracy in some languages.
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test setE| For example, the most frequent word in the English-French test dictionary is “torpedo”,
while the training dictionary has translations for frequent words such as “the” and “good”. More
frequent words are likely to be more salient in downstream tasks, so underfitting these more frequent

training pairs hurts generalization to downstream tasksﬁ

4.3.4 Evaluation on Dependency Parsing

Multiple CLWE are compared on dependency parsing. When evaluating on dependency pars-
ing, the embedding layer of the model to CLWE and use the zero-shot setting, where a model is
trained in English and evaluated in the target language.

I test on dependency parsing, a structured prediction task. I use Universal Dependen-
cies (Nivre et al., 2019al) v2.4 with the standard split. I use the biaffine parser (Dozat and Manning),
2017) in AllenNLP (Gardner et al., 2017) with the same hyperparameters as/Ahmad et al.| (2019a)).
To focus on the influence of CLWE, I remove part-of-speech features following Ammar et al.| (2016]).
I report the average unlabeled attachment score (UAS) of five runs.

Results Although training dictionary retrofitting lowers BLI test accuracy, it improves
both downstream tasks’ test accuracy (Figure . This confirms that over-optimizing the test BLI
accuracy can hurt downstream tasks because training dictionary words are also important. The syn-
thetic dictionary further improves downstream models, showing that generalization to downstream
tasks must balance between BLI training and test accuracy.

Qualitative Analysis As a qualitative example, coordinations improve after retrofitting
to the training dictionary. For example, in the German sentence “Das Lokal ist sauber, hat einen
gemiitlichen ‘Raucherraum’ und wird gut besucht”, the bar (“Das Lokal”) has three properties: it
is clean, has a smoking room, and is popular. However, without retrofitting, the final property
“besucht” is connected to “hat” instead of “sauber”; i.e., the final clause stands on its own. After

retrofitting to the English-German training dictionary, “besucht” is moved closer to its English

3 https://github.com/facebookresearch/MUSE/issues/24
4 A pilot study confirms that retrofitting to infrequent word pairs is less effective.


https://github.com/facebookresearch/MUSE/issues/24

translation “visited” and is correctly parsed as a property of the bar.

52
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4.4 Readability Estimation for Second Language Learners

In the prior sections, the focus has been common downstream NLP tasks such as document
classification and dependency parsing. In this section, I now use cross-lingual embeddings for
readability prediction task.

Accurately estimating the readability or difficulty of words and text has been an important

fundamental task in NLP and education, with a wide range of applications including reading re-

source suggestion (Heilman et al., 2008), text simplification (Yimam et al., 2018), and automated

essay scoring (Vajjala and Ramal, [2018).

A number of linguistic resources have been created either manually or semi-automatically

for non-native learners of languages such as English (Capel, 2010} 2012)), French (Frangois et al.

2014), and Swedish (Frangois et al., |2016; |Alfter and Volodinal, [2018), often referencing the Com-

mon European Framework of Reference (Council of Europe, 2001, CEFR). However, few linguistic

resources exist outside these major European languages and manually constructing such resources
demands linguistic expertise and efforts.

This led to the proliferation of NLP-based readability or difficulty assessment methods to

automatically estimate the difficulty of words (Alfter and Volodinal, 2018) and texts (Vajjala and

Meurers|, [2012; Wang and Andersen), 2016} [Vajjala and Ramal, [2018; |Settles et al., 2020). However,

bootstrapping lexical resources with difficulty information often assumes the existence of textual

datasets (e.g., digitized coursebooks) annotated with difficulty. Similarly, many text readability

estimation methods (Wang and Andersen, 2016} Xia et al.,[2016) assume the existence of abundant

lexical or grammatical resources annotated with difficulty information. Individual research studies
focus only on one side, either words or texts, although in reality they are closely intertwined—
there is a recursive relationship between word and text difficulty, where the difficulty of a word is
correlated to the minimum difficulty of the document where that word appears, and the difficulty
of a document is correlated to the mazimum difficulty of a word in that document (Figure .

I propose a method to jointly estimate word and text readability in a semi-supervised fashion
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Figure 4.7: Overview of the proposed GCN architecture which recursively connects word w; and
document d; to exploit the recursive relationship of their difficulty.

from a smaller number of labeled data by leveraging the recursive relationship between words and
documents. Specifically, 1 leverage recent developments in graph convolutional networks (Kipf
and Welling) 2017, GCNs) and predict the difficulty of words and documents simultaneously by
modeling those as nodes in a graph structure and recursively inferring their embeddings using the
convolutional layers (Figure . Our model leverages not only the supervision signals but also the

recursive nature of word-document relationship. The contributions of this paper are two fold:

e [ reframe the word and document readability estimation task as a semi-supervised, joint
estimation problem motivated by their recursive relationship of difficulty.
e [ show that GCNs are effective for solving this by exploiting unlabeled data effectively, even

when less labeled data is available.

4.4.1 Task Definition

Given a set of words W and documents D, the goal of the joint readability estimation

task is to find a function f that maps both words and documents to their difficulty label f :
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WUD — Y. Documents here can be text of an arbitrary length, although I use paragraphs
as the basic unit of prediction. This task can be solved as a classification problem or a regres-
sion problem where Y € R. I use six CEFR-labels representing six levels of difficulty, such as
Y € {Al (lowest), A2, B1, B2, C1, C2 (highest)} for classification, and a real-valued readability
estimate 8 € R inspired by the item response theory (Lord, 1980, IRT) for regressionlﬂ . The g for
each six CEFR level are A1= —1.38, A2= —0.67, B1= —0.21, B2=0.21, C1= 0.67, and C2= 1.38.

Words and documents consist of mutually exclusive unlabeled subsets Wy and Dy and labeled
subsets Wy, and Dy,. The function f is inferred using the supervision signal from Wy, and Dy, and

potentially other signals from Wy and Dy (e.g., relationship between words and documents).

4.4.2 Exploiting Recursive Relationship by Graph Convolutional Networks

I first show how the readability of words and documents are recursively related to each
other. I then introduce a method based on graph convolutional networks (GCN) to capture such

relationship.

4.4.2.1 Recursive Relationship of Word and Document Difficulty

The motivation of using a graph-based method for difficulty classification is the recursive
relationship of word and document difficulty. Figure [£.8] shows such recursive relationship using
the difficulty-labeled datasets explained in Section 5. One insight here is the strong correlation
between the difficulty of a document and the maximum difficulty of a word in that document.
This is intuitive and shares motivation with a method which exploits hierarchical structure of a
document (Yang et al., 2016). However, the key insight here is the strong correlation between the
difficulty of a word and the minimum difficulty of a document where that word appears, indicating

that the readability of words informs that of documents, and vise versa.

® T assumed the difficulty estimate /3 is normally distributed and used the mid-point of six equal portions of N (0, 1)
when mapping CEFR levels to .
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Figure 4.8: Recursive relationship of word/document difficulty. Word difficulty is correlated to the
minimum difficulty of the document where that word appears, and document difficulty is correlated
to the maximum difficulty of a word in that document.

4.4.2.2 Graph Convolutional Networks on Word-Document Graph

To capture the recursive, potentially nonlinear relationship between word and document

readability while leveraging supervision signals and features, I propose to use graph convolutional

networks (Kipf and Welling, |2017, GCNs) specifically built for text classification (Yao et al.,|2019),

which treats words and documents as nodes. Intuitively, the hidden layers in GCN, which re-
cursively connects word and document nodes, encourage exploiting the recursive word-document
relationship.

Given a heterogeneous word-document graph G = (V, E) and its adjacency matrix A €
RIVIXIVI the hidden states for each layer H,, € RIVI*» in a GCN with N hidden layers is computed
using the previous layer H,,_ as:

H, = o(AH, W) (4.17)

where o is the ReLU functiorﬁ A= D 2AD"3 i.e., a symmetrically normalized matrix of A

with its degree matrix D, and W,, € Ri»—1%hn i the weight matrix for the nth layer. The input

5 A simplified version of GCN with linear layers (Wu et al., 2019) in preliminary experiments shows that hidden
layers with ReLU performed better.
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to the first layer Hy is Hy = X where X € RIVI*ho ig the feature matrix with hy dimensions for
each node in V. I use three different edge weights following [Yao et al. (2019): (1) A;; = tfidf;;
if 7 is a document and j is a word, (2) the normalized point-wise mutual information (PMI) i.e.,
A;j = PMI(4, j) if both 4 and j are words, and (3) self-loops, i.e., A; =1 for all .

I now describe the components which differs from [Yao et al. (2019). I use separate final

linear layers for words and documentaﬂ :
Zyw = HNWy+ by (4.18)
Zg = HNW g+ by (419)

where W and b are the weight and bias of the layer, and used a linear combination of word and

document losses weighted by « (Figure
L=al(Zy)+ (1 —a)l(Zy) (4.20)

For regression, I used Z (Z,, for words and Z; for documents) as the prediction of node v

and used the mean squared error (MSE):

£(z) = Wl‘ S (7, - Va)? (4.21)

veVy

where Vi, = Wy, U Dy, is the set of labeled nodes. For classification, I use a softmax layer followed

by a cross-entropy (CE) loss:
Z,
£z)=-3" log oxplZoy,) (4.22)
Since GCN is transductive, node set V also includes the unlabeled nodes from the evaluation sets
and have predicted difficulty labels assigned when training is finished.
4.4.3 Experiments

Datasets 1 use publicly available English CEFR-annotated resources for second language

learners, such as CEFR-J (Negishi et al [2013) Vocabulary Profile as words and Cambridge English

" A model variant with a common linear layer (i.e., original GCN) for both words and documents did not perform
as well.
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Dataset Train Dev Test

Words (CEFR-J + C1/C2) 2,043 447 389
Documents (Cambridge + Al) 482 103 98

Table 4.4: Dataset size for words and documents

Readability Dataset (Xia et all 2016) as documents (Table [4.4). Since these two datasets lack
C1/C2-level words and Al documents, I hired a linguistic PhD to write these missing portionsﬂ .

Baselines I compare our method against methods used in previous work (Feng et al., [2010;
Vajjala and Meurers, 2012; Martinc et al., |2019; Deutsch et all [2020): (1) logistic regression for
classification (LR cls), (2) linear regression for regression (LR regr), (3) Gradient Boosted Decision
Tree (GBDT), and (4) Hierarchical Attention Network (Yang et al., 2016, HAN), which is reported
as one of the state-of-the-art methods in readability assessment for documents (Martinc et al., 2019;
Deutsch et al., [2020).

Features For all methods except for HAN, I use both surface or “traditional” (Vajjala
and Meurers, 2012) and embedding features on words and documents which are shown to be
effective for readability estimation (Culligan) [2015; Settles et al., [2020; Deutsch et al.l 2020). For
words, I use their length (in characters), the log frequency in Wikipedia (Ginter et al., [2017)), and
GloVe (Pennington et al.l 2014)). For documents, I use the number of NLTK (Loper and Bird, [2002)-
tokenized words in a document, and the output of embeddings from BERT-base model (Devlin et al.,
2019) which are averaged over all tokens in a given sentence.

Hyperparameters I conduct random hyperparameter search with 200 samples, separately
selecting two different sets of hyperparameters, one optimized for word difficulty and the other for
document. I set the number of hidden layers N = 2 with h,, = 512 for documents and N = 1 with
h,, = 64 for words.

Evaluation I use accuracy and Spearman’s rank correlation as the metrics. When cal-
culating the correlation for a classification model, I convert the discrete outputs into continuous

values in two ways: (1) convert the CEFR label with the maximum probability into corresponding

8 The dataset is available at https://github.com/openlanguageprofiles/olp-en-cefrj.
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Word Document
Method Acc Corr Acc Corr
HAN - - 0.367 0.498
LR (regr) 0.409 0.534 0.480 0.657

LR (cls+m) 0440 0514 0.765 0.723
LR (cls+w) 0440 0.540 0.765 0.880
GBDT 0432 0.376 0.765 0.833
GCN (regr) 0434 0579 0.643  0.849
GCN (cls+m) 0.476 0536 0.796 0.878
GCN (cls+w) 0.476 0.592 0.796 0.891

Table 4.5: Difficulty estimation results in accuracy (Acc) and correlation (Corr) on classification
outputs converted to continuous values by taking the max (cls+m) or weighted sum (cls+w) and
regression (regr) variants for the logistic regression (LR) and GCN.

f in Section [4.4.1] (cls+m), or (2) take a sum of all 3 in six labels weighted by their probabilities

(cls+w).

4.4.3.1 Results

Table shows the test accuracy and correlation results. GCNs show increase in both
document accuracy and word accuracy compared to the baseline. I infer that this is because GCN is
good at capturing the relationship between words and documents. For example, the labeled training
documents include an Al document and that contains the word “bicycle,” and the difficulty label
of the document is explicitly propagated to the “bicycle” word node, whereas the logistic regression
baseline mistakenly predicts as A2-level, since it relies solely on the input features to capture its

similarities.

4.4.3.2 Ablation Study on Features

Table shows the ablation study on the features explained in Section By comparing
Table and Table which are experimented on the same datasets, GCN without using any
traditional or embedding features (“None”) shows comparative results to some baselines, especially

on word-level accuracy. Therefore, the structure of the word-document graph provides effective
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Word Document
Features Acc Corr Ace Corr
All 0.476 0.592 0.796 0.891

—word freq. 0.476 0.591 0.796 0.899
—doc length  0.481 0.601 0.796 0.890

—GloVe 0.463 0.545 0.714 0.878
—BERT 0.450 0.547 0.684 0.830
None 0.440 0.436 0.520 0.669

Table 4.6:  Ablation study on the features used. “None” is when applying GCN without any
features (X = I i.e., one-hot encoding per node), which solely relies on the word-document structure
of the graph.

and complementary signal for readability estimation.

Overall, the BERT embedding is a powerful feature for predicting document readability on
Cambridge Readabilty Dataset. Ablating the BERT embeddings (Table significantly decreases
the document accuracy (—0.112) which is consistent with the previous work (Martinc et al., [2019;
Deutsch et al., [2020)) that BERT being one of the best-performing method for predicting document
readability on one of the datasets they used, and HAN performing relatively low due to not using

the BERT embeddings.

4.4.4 Training on Less Labeled Data

To analyze whether GCN is robust when training dataset is small, I compare the baseline
and GCN by varying the amount of labeled training data. In Figure I observe consistent
improvement in GCN over the baseline especially in word accuracy. This outcome suggests that
the performance of GCN stays robust even with smaller training data by exploiting the signals
gained from the recursive word-document relationship and their structure. Another trend observed
in Figure 4.9|is the larger gap in word accuracy compared to document accuracy when the training

data is small likely due to GCN explicitly using context given by word-document edges.
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Figure 4.9: Word and document accuracy with different amount of training data used.

4.4.5 Cross-Lingual Transfer of Readability Estimation

I now turn to cross-lingual transfer of readability estimation task. Compared to cross-lingual
document classification for identifying topic of documents, semantically similar words does not
necessarily have the same labels i.e., same difficulty,

Experiment setup I follow the zero-shot cross-lingual setting, i.e., not using English data
during training. Instead of using BERT and GloVe embeddings, mBERT and cross-lingual word
embeddings by |[Bojanowski et al. (2017)) and Joulin et al,| (2018) are used. For the English data,
the same data as Section are used and For the Swedish data, the COCTAIL dataset (Volodina
and Kokkinakis, [2012) are used.

Results Table shows the results of the cross-lingual difficulty estimation task, training
on English and evaluating on Swedish. The recursive relationship of word and document difficulties
and further conducting joint training of word and document level are beneficial in the cross-lingual
setting too. Following the same trend as the monolingual setting, there is larger improvement in

word-level estimation than the document-level estimation.
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Word Document
Method Ace Corr Acc Corr
LR (regr) 0.218 -0.067 0.032 -0.012

LR (cls+m) 0219 -0.124 0.346 0.126
LR (cls+w) 0219 -0.091 0.346 0.217
GBDT 0.229 -0.075 0.340 0.075
GCN (regr)  0.132 -0.080 0.008 0.093
GCN (cls+m) 0.245 0.357 0.392 0.137
GCN (cls+w) 0.245 0477 0.392  0.209

Table 4.7:  Cross-lingual difficulty estimation results in accuracy (Acc) and correlation (Corr) on
classification outputs converted to continuous values by taking the max (cls+m) or weighted sum
(cls+w) and regression (regr) variants for the logistic regression (LR) and GCN.

This chapter focuses on directly modifying the objective function to train or post-process
cross-lingual word embeddings. We show that cross-lingual transfer on downstream tasks improves
by modifying objective functions, but the magnitude of improvement and which method to use
largely depends on a downstream task. In this dissertation so far, I focus on evaluating and
improving cross-lingual word embeddings during. In the next chapter, I turn to focusing on a
different family of models, namely pretrained language models, and analyze the effect of using

different languages during pretraining.



Chapter 5

Analysis on Multilingual Pretraining of Transformers

5.1 Introduction

Pretrained multilingual language models Devlin et al. (2019)); Conneau et al.| (2020) are now
a standard approach for cross-lingual transfer in natural language processing (NLP). However,
there are multiple, potentially related issues on pretraining multilingual models. [Conneau et al.
(2020)) find “curse of multilinguality”: for a fixed model size, zero-shot performance on target lan-
guages seen during pretraining increases with additional pretraining languages only until a certain
point, after which performance decreases. Wang et al.| (2020b) also report “negative interference”,
where monolingual models achieve better results than multilingual models, both on subset of high-
and low-resource languages. However, those findings are limited to target languages seen during
pretraining.

Current multilingual models cover only a small subset of the world’s languages. Further-
more, due to data sparsity, monolingual pretrained models are not likely to obtain good results for
many low-resource languages, such as dialects or extinct languages. In those cases, multilingual
models can zero-shot learn for unseen languages with an above-chance performance, which can
be further improved via model adaptation of target-language text (Wang et al., 2020a)) even with
limited amounts (Ebrahimi and Kann| [2021)). However, it is poorly understood how the number of
pretraining languages influences performance in those cases. Does the “curse of multilinguality” or
the “negative interference” also negatively impact performance on unseen target languages? And,

if I want a model to be applicable to as many unseen languages as possible, how many languages
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should it be trained on?

Specifically, I ask the following research questions: (1) How does pretraining on an increasing
number of languages impact zero-shot performance on unseen target languages? (2) Does the effect
of the number of pretraining languages change with model adaptation to target languages? (3)
Does the answer to the first research question change if the pretraining languages are all related to
each other?

I pretrain a variety of monolingual and multilingual models, which I then finetune on English
and apply to three zero-shot cross-lingual downstream tasks in unseen target languages: part-
of-speech (POS) tagging, named entity recognition (NER), and natural language inference (NLI).
Without model adaptation, increasing the number of pretraining languages improves accuracy on
unrelated unseen target languages at first and plateaus thereafter. With adaptation, additional
pretraining languages beyond English generally help. Last, choosing a diverse set of pretraining
languages is crucial for effective transfer.

Due to the intense computational cost of pretraining and its environmental impact (Strubell
et al.l 2019), we opt to perform our experiments in Section on a relatively small scale with a
fixed computational budget for each model, but validate our most central findings in Section

on large pretrained models which are already publicly available.

5.2 Cross-lingual Transfer via Pretraining

Pretrained multilingual models are a straightforward cross-lingual transfer approach: a model
pretrained on multiple languages is then fine-tuned on target-task data in the source language.
Subsequently, the model is applied to target-task data in the target language. Most commonly, the
target language is part of the model’s pretraining data. However, cross-lingual transfer is possible
even if this is not the case, though performance tends to be lower. This paper extends prior
work exploring the cross-lingual transfer abilities of pretrained models for seen target languages
depending on the number of pretraining languages to unseen target languages. I now transfer via

pretrained multilingual models and introduce the models and methods vetted in our experiments.
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5.2.1 Background and Methods

Pretrained Language Models Contextual representations such as ELMo (Peters et al.,
2018) and BERT (Devlin et al., [2019)) are not just useful for monolingual representations. Multilin-
gual BERT (Devlin et al. 2019, mBERT), XLM (Lample and Conneau, 2019), and XLM-RoBERTa
(Conneau et al., [2020, XLM-R) have surprisingly high cross-lingual transfer performance compared
to the previous best practice: static cross-lingual word embeddings (Pires et al., [2019; 'Wu and
Dredze, 2019). Multilingual models are also practical—why have hundreds of separate models
for each language when you could do better with just one? However, there’s a catch. |Conneau
et al| (2020) reports the “curse of multilinguality”: as the number of pretraining languages in-
creases, the better the cross-lingual transfer is up to some point, after which the performance in
zero-shot transfer starts to decrease. Our work complements Conneau et al.| (2020)) by explicitly
dividing up between seen and unseen languages during pretraining and testing whether the “curse
of multilinguality” is also an issue for unseen languages too.

Model Adaptation to Unseen Languages Adapting pretrained multilingual models,
such as mBERT and XLM-R, to unseen languages is one way to use such models beyond the languages
covered during pretraining time. Several methods for adapting pretrained multilingual language
models to unseen languages have been proposed in the literature, including continuing masked
language model (MLM) training (Chau et al., |2020; |[Muller et al., 2020) optionally adding Adapter
modules (Pfeiffer et al., 2020)), or extending the vocabulary of the pretrained models (Artetxe
et all [2020; (Wang et al., |2020a). However, such adaptation methods assume the existence of
sufficient monolingual corpora in the target languages. Some spoken languages, dialects, or extinct
languages lack monolingual corpora to conduct model adaptation, which motivates us to look into

the performance of languages unseen during pretraining.
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5.2.2 Research Questions

A single pretrained model that can be applied to any language, including those unseen during
pretraining, is both more efficient and more practical than pretraining one model per language.
Moreover, it is the only practical option for unknown target languages or for languages without
enough resources for pretraining. Thus, models that can be applied or at least easily adapted
to unseen languages are an important research focus. This work addresses the following research
questions (RQ), using English as the source language for finetuning.

RQ1: How does the number of pretraining languages influence zero-shot performance on unseen
target languages?

I first explore how many languages a model should be pretrained on if the target language
is unknown at test time or has too limited monolingual resources for model adaptation. On one
hand, I hypothesize that increasing the number of pretraining languages will improve performance,
as the model sees a more diverse set of scripts and linguistic phenomena. Also, the more pretraining
languages, the better chance of having a related language to the target language. However, multi-
lingual training can cause interference: other languages could distract from English, the finetuning
source language, and thus, lower performance.

RQ2: How does the answer to RQ1 change with model adaptation to the target language?

This question is concerned with settings in which I have enough monolingual data available
to adapt a pretrained model to the target language. Similar to our hypothesis for RQl, I expect
that having seen more pretraining languages should make adaptation to unseen target languages
easier. However, another possibility is that the process of adapting the model makes any languages
other than the finetuning source language unnecessary, such that performance stays the same or
decreases when adding more pretraining languages.

RQ3: Do the answers to RQ1 change if all pretraining languages are related to each other?
I use a diverse set of pretraining languages when exploring RQ1, since I expect that to be

maximally beneficial. However, the results might change depending on the exact languages. Thus,
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as a case study, I repeat all experiments using a set of closely related languages. On the one
hand, I hypothesize that benefits due to adding more pretraining languages (if any) will be smaller
with related languages, as I reduce the diversity of linguistic phenomena in the pretraining data.
However, on the other hand, if English is all I use during fine-tuning, performance might increase

with related languages, as this will approximate training on more English data more closely.

5.3 Experimental Setup

Pretraining Corpora All our models are pretrained on the CoNLL 2017 Wikipedia dump
(Ginter et al.l 2017)). To use equal amounts of data for all pretraining languages, we downsample all
Wikipedia datasets to have equal number of sequences. I standardize to the smallest corpus, Hindi.
The resulting pretraining corpus size is around 200MB per languageE] I hold out 1K sequences
after preprocessed to be around 512 tokens per sequence as a development set to track the models’
performance during pretraining.

Corpora for Model Adaptation For model adaptation (RQ2), I select unseen target
languages contained in both XNLI (Conneau et al., 2018b) and Universal Dependencies 2.5 (Nivre
et al., [2019b): Farsi (FA), Hebrew (HE), French (FR), Vietnamese (v1), Tamil (TA), and Bulgarian
(BG). Model adaptation is typically done for low-resource languages not seen during pretraining
because monolingual corpora are too small (Wang et al.,[2020a)). Therefore, I use the Johns Hopkins
Bibles corpus by McCarthy et al.| (2020) following Ebrahimi and Kann (2021)E]

Tasks I evaluate our pretrained models on the following downstream tasks from the
XTREME dataset (Hu et al., 2020): pos tagging and NLI. For the former, I select 29 languages
from Universal Dependencies v2.5 (Nivre et al. |2019b)). For the latter, I use all fifteen languages in
XNLI (Conneau et al., 2018b|). I follow the default train, validation, and test split in the XTREME
dataset.

Models and Hyperparameters Following Conneau et al. (2020)’s XLM-R Base model,

! Micheli et al.| (2020) show that corpora of at least 100MB are reasonable for pretraining.
2 Tn cases where multiple versions of the Bible are available in the target language, I select the largest one.



Table 5.1:

families.

Langs Tasks
Seen languages
English (EN) POS, NER, NLI

Russian (RU)
Arabic (AR)
Chinese (zH)
Hindi (HI)
Spanish (ES)
Greek (EL)
Finnish (F1)
Indonesian (ID)
Turkish (TR)
German (DE)
Dutch (NL)
Swedish (sv)
Danish (DA)

POS, NER, NLI
POS, NER, NLI
POS, NER, NLI
POS, NER, NLI
POS, NER, NLI
POS, NER, NLI
POS, NER

POS, NER

POS, NER, NLI
POS, NER, NLI
POS, NER, NLI

Unseen languages

Bulgarian (BG)
French (FR)
Urdu (UR)
Africaans (AF)
Basque (EL)
Estonian (ET)
Farsi (FA)
Hebrew (HE)
Hungarian (HU)
Italian (1T)
Japanese (JA)
Korean (k0)
Marathi (MR)
Portuguese (PT)
Vietnamese (V1)
Tamil (TA)
Telugu (TE)
Swahili (sw)
Thai (TH)

POS, NER, NLI
POS, NER, NLI
POS, NER, NLI
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER
POS, NER

NLI

NLI
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Languages used in our experiments, aiming to cover languages from diverse language

I train transformers Vaswani et al.| (2017) with 12 layers, 768 units, 12 attention heads, and a

maximum of 512 tokens per sequence. To accommodate all languages and facilitate comparability

between all pretraining setups, I use XLM-R’s vocabulary and SentencePiece (Kudo and Richardson,

2018)) tokenizer by |[Conneau et al.| (2020).

I use masked language modeling (MLM) as our pretraining objective and, like Devlin et al.
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Model Pretraining Languages

Div-2  EN, RU

Div-3  EN, RU, ZH

Div-4  EN, RU, ZH, AR

Div-5  EN, RU, ZH, AR, HI

Div-6  EN, RU, ZH, AR, HI, ES

Div-7  EN, RU, ZH, AR, HI, ES, EL

Div-8  EN, RU, ZH, AR, HI, ES, EL, FI

Div-9  EN, RU, ZH, AR, HI, ES, EL, FI, ID
Div-10 EN, RU, ZH, AR, HI, ES, EL, FI, ID, TR

Rel-2  EN, DE

Rel-3  EN, DE, sV

Rel-4 EN, DE, SV, NL
Rel-5  EN, DE, SV, NL, DA

Table 5.2: Pretraining languages used for the models in our experiments: models are trained on a
diverse set (Div-X) and related pretraining languages (Rel-X), with different numbers of pretraining
languages.

(2019), mask 15% of the tokens. I pretrain all models for 150K steps, using Adam W (Loshchilov
and Hutter, [2019) with a learning rate of 1 x 10™% and a batch size of two on either NVIDIA
RTX2080Ti or GTX1080Ti 12GB which approximately took four days to train each model. When
pretraining, I preprocess sentences together to generate sequences of approximately 512 tokens.
For continued pretraining, I use a learning rate of 2 x 10~° and train for forty epochs, otherwise
following the setup for pretraining. For finetuning, I use a learning rate of 2 x 107> and train for
an additional ten epochs for POS tagging and an additional five epochs for NLI, following [Hu et al.
(2020).

Languages Table shows languages used in our experiments. English is part of the
pretraining data of all models. It is also the finetuning source language for all tasks, following Hu
et al.[ (2020). I introduce two different sets for pretraining languages: “Diverse (Div)” and “Related
(Rel)” (Table . I mainly focus on pretraining languages up to five, except for POS tagging where
the trend is not clear and further experiment up to ten.

For pos tagging and NER, I regard 17 of the 29 languages available in XTREME as unseen,
while the remaining 12 languages are pretraining languages for at least one model. For NLI, six

languages are seen and the rest are unseen. The order in which I add pretraining languages follows
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the size of their original CoNLL 2017 Wikipedia dumps, with larger sizes being added first.

5.4 Results

I now show the experimental results to investigate on each RQ.

5.4.1 Findings for RQ1

POS Tagging Figure shows the POS tagging accuracy on the ten languages seen during
pretraining and averaged over the 17 unseen languages. On average, models pretrained on multiple
languages have higher accuracy on unseen languages than the model pretrained exclusively on
English, showing that the model benefits from a more diverse set of pretraining data. However,
the average accuracy only increases up to six languages. This indicates that our initial hypothesis

”the more languages the better” might not be true.

Pretrain ‘ en ru  zh ar hi ‘ bg de el es fr sw th tr ur vi
EN 731 343 340 339 345 | 347 375 346 404 381 .366 .350 .358 .347 .354
Div-2 725 457 336 341 342 | 384 373 346 .421 .382 .364 .342 .354 .338 .352
Div-3 738 500 485 .336 .338 | .389 374 341 412 382 .354 .340 .345 .339 .345
Div-4 718 452 467 460 .350 | 418 .398 .352 .439 417 .379 .351 .369 .361 .361
Div-5 717 466 484 460 462 | 426 .382 .346 .443 386 .370 .348 .356 .349 .349

Table 5.3:  NLI accuracy on diverse pretraining languages over five seen (EN,RU,ZH,AR,HI) and
10 unseen languages. More pretraining languages up to five are also generally better for unseen
languages in the NLI task.

Figure [5.2) provides a more detailed picture, showing the accuracy for different number of
pretraining languages for all seen and unseen target languages. As expected, accuracy jumps when
a language itself is added as a pretraining language. Furthermore, accuracy rises if a pretraining
language from the same language family as a target language is added: for example, the accuracy
of Marathi goes up by 9.3% after adding Hindi during pretraining, and the accuracy of Bulgarian
increases by 31.2% after adding Russian. This shows that related languages are indeed beneficial
for transfer learning. Also, (partially) sharing the same script with a pretraining language (e.g.,

ES and ET, AR and FA) helps with zero-shot cross-lingual transfer even for languages which are not
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from the same family. These results are consistent with the outcome of Miiller et al.| (2020) and
partially support the hypothesis by [Pires et al. (2019) that shared scripts are effective on unseen
languages.

With the question of how many pretraining languages are optimal, I obtain mixed results.
One consistent finding is that, for the large majority of languages, using only English yields the
worst results for unseen languages. However, as also shown by the average, increasing pretraining
language does not necessarily improve the accuracy. This indicates that, while I want more than one
pretraining language, using a smaller number than the 100 commonly used pretraining languages is
likely sufficient unless I expect them to be closely related to one of the potential target languages.
I further investigate it in Section [5.5

NER Our NER results show a similar trend, and therefore, only report the average (Fig-
ure and full details are available in Appendix ??. For NER, the transfer to unseen languages
are more limited, likely due to small subset of tokens are labeled as entities when compared to POS
tags.

NLI Our NLI results show a similar trend (Table : accuracy on unseen languages
plateaus at relatively small number of pretraining languages. Specifically, Div-4 has the highest
accuracy for 8 target languages, while Div-5 is best only for two target languages. I again observe
a gain in accuracy when adding related languages, such as an improvement of +3.7% accuracy for

Bulgarian after adding Russian as a pretraining language.

5.4.2 Findings for RQ2

POS Tagging Figure|5.4|shows the POs tagging results for six languages after adaptation
of the pretrained models via continued pretraining. As expected, accuracy is overall higher than
in Figure Importantly, there are accuracy gains in Farsi when adding Turkish (+9.8%) and
in Hebrew when adding Greek (+7.7%), which are not observed before adapting models. I further
investigate it in Section [5.5]

NER Figure [5.5 shows the results on the NER task. There are similarities between POS
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tagging in the improvement of BG after adding RU. However, for example, there’s limited improve-
ment on FA even after adding AR regardless of partially shared scripts between the two languages.
This indicates that the effect of adding related pretraining languages is task-dependent.

NLI For NLI, I see a small increase in accuracy after adding a second pretraining language.
Results for two to five pretraining languages are similar for all target languages and, for Greek
and Turkish, still similar to the English-only model. This indicates that, similar to our findings
for POs tagging, a few pretraining languages could be sufficient for model adaptation. Finally, our
NLI results are low overall. This is likely due to the size of the pretraining corpus is one of the top

correlated feature for NLI (Lauscher et al., 2020]) unlike POs tagging (Hu et al., [2020)).

5.4.3 Findings for RQ3

Pretrain ‘ en de ‘ ru zh ar hi  bg el es fr  sw th tr ur vi
EN 731 375 | 343 340 .339 .345 .347 346 .404 .381 .366 .350 .358 .347 .354
Rel-2 733 .536 | .363 .350 .357 .361 .359 .367 .422 .384 .374 .360 .381 .363 .369
Rel-3 721 535 | .351 .349 .350 .365 .350 .352 .434 420 .383 .357 .382 .348 .370
Rel-4 710 493 | .350 .336 .348 .365 .354 .349 .433 409 .368 .360 .373 .347 .363
Rel-5 726 .527 | 339 335 335 342 343 342 430 415 376 339 .372 335 .347

Table 5.4:  NLI accuracy on the 13 unseen languages using the models pretrained on related
languages (EN, DE, SV, NL, DA), incrementally added one language at a time up to five languages.

POS Tagging In contrast to RQl, POS tagging accuracy for most languages does not change
much when increasing the number of pretraining languages (Figure . The unseen languages on
which T observe gains belong to the Germanic (AF, NL), Romance (ES, IT, FR, PT), and Uralic (ET,
FI, HU) language families. Those languages are spoken in Europe and relatively (as compared to the
other language families) close to English. The accuracy on languages from other language families
changes by < 10%, which is smaller than the change for a diverse set of pretraining languages.
This indicates that the models pretrained on similar languages struggle to transferring to unrelated
languages.

NER F1 scores of EN, Rel-2, Rel-3, Rel-4, and Rel-5 are .218, .219, .227, .236, and .237

respectively. Compared to Div-X, pretraining on related languages also improves up to adding five
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languages, however, those models brings relatively less improvement, similar to the POS tagging.
NLI Table shows a similar trend for NLI: when adding related pretraining languages,
accuracy on languages far from English either does not change much or decreases. In fact, for nine

out of thirteen unseen target languages, Rel-5 is the worst.

5.5 More Pretraining Languages and Applying to Low-Resource Languages

Our main takeaways from the last section are: (RQl) without model adaptation, increasing
pretraining languages does not improve accuracy on unrelated unseen target languages; (RQ2) model
adaptation largely helps exploiting models pretrained on more languages; and (RQ3) if using more
than one pretraining language, diversity is important.

However, there are limitations in the experiment settings in Section I assume the follow-
ing: (1) relatively small pretraining corpora; (2) the target languages are included when building
the model’s vocabulary; (3) fixed computational resources; and (4) pretraining languages up to 10.
I now explore if our findings in RQ1 and RQ2 hold without such limitations. For this, I use two
publicly available pretrained XLM models (Lample and Conneau, 2019), which have been pretrained
on full size Wikipedia in 17 (XxLM-17) and 100 (XxLM-100) languages, and XLM-R base model trained
on a larger Common Crawl corpus (Conneau et al., 2020). I conduct a case study on low-resource
languages unseen for all models, including unseen vocabularies: Maltese (MT), Wolof (wo0), Yoruba
(vo), Erzya (MYV), and Northern Sami (SME). All pretraining languages used in Div-X are in-
cluded in XLM-17 except for Finnish, and all 17 pretraining languages for XLM-17 are a subset of
the pretraining languages for XLM-100. I report the averages with standard deviations from three

random seeds.

5.5.1 Results

RQ1 For models without adaptation, accuracy does not improve for increasing numbers
of source languages (Table . Indeed, the accuracy on both XLM-17 and XLM-100 are on par

even though the former uses 17 pretraining languages and the latter uses 100. One exception is on
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Northern Sami (Uralic language with Latin script) due to XLM-17 not seeing any Uralic languages,
but XLM-100 does during pretraining.

When further comparing Div-10 and XLM-17, addition of pretraining languages help for Mal-
tese and Yoruba. Addition of Spanish even improved accuracy outside Romance languages, such
as Maltese (Afro-Asiatic), and Wolof (Niger-Congo). Erzya remains constant from five to 100 lan-
guages, even increasing the pretraining corpus size from downsampled (Div-X) to full Wikipedia
(XLM-17 and XLM-100), suggesting that the transfer across language families are primarily hap-
pening in languages written in Latin scripts. The pretraining corpus size is not an issue for POS
tagging since Div-X models have comparable accuracy to XLM-17 and XLM-100 without the model
adaptation.

RQ2 For the models with adaptation, there is a significant gap between XLM-17 and XLM-
100. This confirms our findings in the last section: more pretraining languages may be beneficial.
Thus, a possible explanation is that one or more of XL.M-100’s pretraining languages is similar to our
target languages and such languages can be exploited through continued pretraining. Therefore,
having the model see more languages during pretraining is better when the models can be adapted

to each target language.

5.6 Related Work

Static Cross-Lingual Word Embeddings Static cross-lingual word embeddings (Mikoloy
et al.,2013a; Conneau et al.,[2018a)) embed and align words from multiple languages for downstream
NLP tasks (Lample et all 2018; |Gu et al.l 2018). However, since prior work (Ahmad et al., 2019b;
Artetxe et al., 2020) report that pretrained multilingual language models are superior on languages
seen during pretraining, most work has transitioned from static cross-lingual word embeddings to
multilingual language models.

Analysis of Pretrained Multilingual Models on Seen Languages Starting from
Pires et al. (2019), analysis of the cross-lingual transferability of pretrained multilingual language

models has been a topic of interest. |Pires et al.|(2019) hypothesize that the cross-lingual transfer
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occurs due to shared tokens across languages, but |Artetxe et al.| (2020) showed that cross-lingual
transfer can be successful even among languages without shared scripts. Other work investigated the
relationship between zero-shot cross-lingual learning and typological features (Lauscher et al., 2020)),
encoding language-specific features (Libovicky et al., 2020)), and mBERT’s multlinguality (Dufter
and Schiitzel, 2020)). However, the majority of the analyses have either been limited to large public
models (mBERT or XLM-R) or to up to two pretraining languages (K et al., [2020; [Wu and Dredze,
2020). Here, I analyze the ability of models to benefit from an increasing number of pretraining

languages.

5.7 Conclusion

This chapter explores pretraining on different numbers of languages has on unseen target lan-
guages after finetuning on English: (1) without model adaptation, improvement by pretraining on
more languages is limited on unrelated unseen target languages; (2) with model adaptation, addi-
tional pretraining languages generally helps; and (3) when pretraining on more than one language,

choosing a diverse set is important.
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Figure 5.1: POS tagging accuracy after pretraining on a diverse set of up to 10 languages and
finetuning on English. The accuracy improves until six languages on the given target languages.

Model # lgs MT WO YO MYV SME
Before Model Adaptation

Div-5 (+hi) 5 .1594+.019 .2144+.029 .183+.012 .419+.016 .200+.012
Div-6 (+es) 6 .196+.021 .256+.020 .1834+.004 .4374+.010 .249+.001
Div-8 (+fi) 8 176 £.002 .236+.013 .1784+.001 .435+.025 .320+£.023
Div-10 (+tr) 10 .1714+.004 .243+.016 .184 +£.007 .4204.008 .315+.013
XLM-17 17 .2144£.007 .276 +.009 .247+£.033 .436 +.035 .318+.010
XLM-100 100 .233+£.017 .280£.019 .2314+.026 .434+.027 .351+£.026
XLM-R 100 .221+.033 .260£.030 .2634+.034 .490+ .022 .344 £+ .052
After Model Adaptation

Div-5 (+hi) 5 .2724+.007 .388+£.018 .2514+.025 .4894.013 .361+.051
Div-6 (+es) 6 .310+.007 .366+.010 .2534£.008 .4924.012 .377+£.005
Div-8 (+fi) 8 .315+£.002 .384+.036 .257+.017 .527+.016 .449+.005
Div-10 (+tr) 10 .298 +£.044 389+ .059 .251+.004 .5084.040 .457 +.005
XLM-17 17 451 4+£.002 .410+.047 .361+.032 .603+.011 .567 % .042
XLM-100 100  .627+.026 .673£.015 .385+.071 .697+.015 .752+£.006
XLM-R 100  .594 +£.010 .689 £.005 .509 £.008 .720+.007 .703 £ .007

Table 5.5: POs tagging accuracy of our models pretrained on diverse languages, XLM-17, XLM-100,
and XLM-R after finetuning on English. The models before adaptation are roughly on par regardless
of the number of pretraining languages, and the models after adaptation is more affected by the
related pretraining languages.
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Figure 5.2: POS tagging accuracy on diverse pretraining languages (EN, RU, ZH, AR, HI, ES, EL, FI,
ID, TR) grouped by families of target languages, with Indo-European (I1E) languages further divided
into subgroups following XTREME. Points in the plot are more transparent if the languages are
seen during pretraining and filled circles represent when the script type of the target languages are
common with one of the pretraining languages. The accuracy gain is significant for seen pretraining
languages, and also the languages from the same family and the same script type of the pretraining

languages when added.
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Figure 5.3: NER F1 score after pretraining on a diverse set of up to 10 languages and finetuning
on English.
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Figure 5.4: POS tagging accuracy after continued training on the Bible of each target language.
The continued training gives surprising improvement in the model pretrained on multiple languages.
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Figure 5.5: NER F1 scores after continued training on the Bible of each target language. The
continued training gives limited improvement in most languages on NER when compared to POS

tagging.
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Figure 5.6: POS tagging accuracy using related pretraining languages (EN, DE, SV, NL, DA) grouped
by families of target languages, with Indo-European (1E) languages further divided into subgroups
following the XTREME dataset. The change in accuracy is mainly in Germanic, Romance, and
Uralic languages due to only using pretraining languages from Germanic family.



Chapter 6

Conclusion

This dissertation describes methods to analyze and apply cross-lingual or multilingual models,
focusing on cross-lingual word embeddings and multilingual language models. Chapter [3| sheds
the light on evaluating cross-lingual word embeddings in a practical setting, i.e., without using
evaluation data. The proposed resource-free metric based on graph modularity is experimented
on multiple downstream tasks using cross-lingual word embeddings and shows that the graph
modularity correlates well to multiple tasks.

Chapter [4] shows that cross-lingual word embeddings can be further improved by methods
such as including graph modularity into the objective function (Section, using the graph encoder
to retrofit (Section , and retrofit by simply overfitting to the training dictionary (Section .
Also, further tuning the model towards a specific task, namely difficulty or readability estimation
task, further improves cross-lingual transfer (Section .

Chapter [5]shows that cross-lingual transfer on languages unseen during pretraining are largely
affected by the pretraining languages. Specifically, given restrictions on computational resources
and experimenting on POS tagging, named entity recognition, and natural language inference, the
findings are as follows: (1) choosing a diverse set of pretraining languages are preferred than the
related pretraining languages, (2) without the model adaptation to the target languages, cross-
lingual zero-shot scores in downstream tasks quickly plateaus after adding pretraining languages,
and (3) the model adaptation to the target languages is crucial to exploit additional pretraining

languages.
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6.1 Future Directions

There are multiple potential future directions or topics in cross-lingual transfer or multilingual
learning that are not covered in this dissertation.

Granularity of Tokens Models mainly discussed in this dissertation such as cross-lingual
word embeddings, BERT, and RoBERTa use either word- or subword-level input tokens. Recent
work by |Rust et al.| (2021)) show that the choice of vocabulary for subword-level models is a key factor
for training a better pretrained model for downstream tasks. On a different perspective, considering
character- or byte-level inputs can help reduce the number of parameters of models (Tay et al.,
2021b)) but it can also potentially help generalize pretrained language models on languages unseen
during pretraining. However, the downside of naively replacing units of tokens to characters or bytes
is the longer input sequences. This makes it challenging for Transformers because the computation
time increases by O(N?) for processing an input of N tokens, and further relating this topic to
recent research on Transformers that can process longer input sequences with less computation
time (Beltagy et al., 2020; |Zaheer et al., [2020).

Beyond BERT and RoBERTa A more recent model, namely T5 (Raffel et al.,[2020), has
some notable differences when compared to BERT and RoBERTa. T5 is an encoder-decoder model
while BERT and RoBERTa are known as “encoder-only” models (Raffel et al., 2020). The decoders
generate texts in arbitrary length rather than predicting the probability of a single masked token,
which makes encoder-decoder models a more suitable choice for generation tasks such as summa-
rization and machine translation. Furthermore, T5 is trained on a slightly different pretraining
task, which tries to predict a span (i.e., multiple consecutive tokens) from a single masked tokenﬂ

unlike MLM which predicts a single token from a single masked token. There are also publicly
available T5 models which are jointly trained on multiple languages (Xue et al.,[2021b)). This opens
up further research on the optimal choice of pretraining task in cross-lingual settings and analysis

of pretrained multilingual encoder-decoder models on generation tasks.

! This is also known as “text infilling” (Lewis et al., [2020). Other options to corrupt a span in English are explored
in depth by [Lewis et al.| (2020)) and [Raffel et al.| (2020).
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Creating Resources for Low-Resource Languages One more important future direc-
tion is the creation of resources in low-resource languages. Although one of the goals of research in
zero-shot cross-lingual transfer is to build an NLP model without using labeled data from target
languages, creation of datasets in multiple languages (e.g,. [Ebrahimi et al. (2021)) is crucial to both
evaluate and train better cross-lingual NLP models. For evaluation, it’s possible to use resource-
free evaluation methods (e.g., Chapter , however, these evaluation methods also have limitations
and having real data is ideal. An interesting area in this topic is reducing annotator effort to
create resources. This is important especially due to less number of speakers and can potentially
have harder access to input devices. Few potential directions exist for reducing annotator efforts,
ranging from active learning (Settles, [2009) to having an efficient annotation format (Sakaguchi

et al., 2014).
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