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Abstract

Multiword expressions (MWESs) are combinations of words where the meaning of the
expression cannot be derived from its component words. MWEs are commonly used
in different languages and are difficulty to identify. For different NLP tasks such as
sentiment analysis and machine translation, it is important that language models
automatically identify and classify these MWEs. While considerable work has been
done in identifying and classifying MWEs, little work has been done in a cross-lingual
setting. In this thesis, we consider novel cross-lingual settings for MWE identifica-
tion and idiomaticity prediction in which systems are tested on languages that are
unseen during training. We use multilingual models of BERT, specifically mBERT,
RoBERTa and mDeBERTa. Our findings indicate that pre-trained multilingual lan-
guage models are able to learn knowledge about MWEs and idiomaticity that is not
language-specific. Moreover, we find that training data from other languages can be

leveraged to give improvements over monolingual models.
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Chapter 1

Introduction

Natural language processing (NLP) is a branch of artificial intelligence that deals
with how computer systems understand human languages. One of the earliest works
in NLP was the Turing test proposed by Alan Turing who was a British mathemati-
cian. The Turing test was designed to test whether computer systems had evolved to
the point where it could trick humans into believing they were conversing with other
humans [105]. A major step in NLP was the introduction of ELIZA in 1967, a chat-
bot designed to converse with humans as a therapist [108]. With the advancement in
computer systems and the availability of large textual datasets, the use of statistics
in NLP was significant starting in the late 1980’s [18]. This allowed the systems
to understand patterns and improve its knowledge of human languages. Recently,
with the advancements in neural networks and transformer-based models, language
models have gained an even deeper understanding of human languages, to the point
where they outperform humans in some tasks such as next-token prediction [96].

This knowledge gained by computers can be used for a multitude of tasks such as
text classification where given some text, the model has to assign a label or class to
that text. An example of this is sentiment analysis where the model detects whether

a sentence carries a positive, negative or neutral sentiment. Another task is machine



translation which is the automatic translation from one language to another by a
system.

An important part to performing these tasks is to understand the meaning of a
sentence based on the meanings of its words. However, sentences often contain ex-
pressions where the meaning of the expression cannot be derived from the literal
meanings of its components. Such expressions are known as multiword expressions
(MWEs). MWEs are combinations of lexical items that exhibit some degree of id-
iomaticity [6]. E.g., ivory tower exhibits semantic idiomaticity because its meaning
of a place where people are isolated from real-world problems is not transparent
from the literal meanings of its component words. For these expressions, there are
two major tasks associated with them which can help NLP systems better under-
stand MWEs: 1. Classification: which classifies MWESs as either literal or idiomatic.
2. Identification: which identifies which words in a sentence form MWEs. This
can enhance the performance of language models performing downstream tasks such
as machine translation [14] and opinion mining [10]. Much work has therefore fo-
cused on recognizing MWEs in context, by identifying which tokens in a text corre-
spond to MWEs [31, 77, 78, 93] and by distinguishing idiomatic and literal usages
of potentially-idiomatic expressions [28, 34, 43, 48, 54, 85].

Multiword expressions are divided into different types, such as light verb construc-
tions (LVCs) (eg., take a hike, had a look), verb particle constructions (VPCs) (eg.,
eat up, took out ) and noun compounds (NCs) (eg., bass player). These different
types often appear in our daily vocabulary and can cause ambiguity to NLP systems
when performing tasks where the training data or testing data contains MWEs if
they do not incorporate knowledge of MWEs [84]. NLP systems often face prob-
lems when understanding MWEs such as the overgeneralization problem wherein
certain MWEs have a common word (eg., telephone box, telephone booth and tele-

phone closet, where telephone is the common word). For example, expressions such



as telephone box and telephone booth, where the meaning can be derived from their
components, both mean an item that you can make phone calls with, but telephone
closet is a storeroom where electrical equipment is stored which deviates from its
literal meaning [84]. Another common problem that NLP systems face is the lexical-
proliferation problem, which refers to when multiple expressions have a common
pattern (eg., take a flight, take a hike) but some of them are compositional in nature
and some of are non-compositional in nature such as LVCs which often appears in
families such as take a hike and take a flight [84]. For example, to take a hike can
have the idiomatic meaning of ‘go away’ while take a flight means to catch a flight.
When NLP systems encounter these LVCs, they face difficulties understanding the
meaning of these LVCs without prior knowledge of them.

Most expressions are compositional in nature but MWEs are a challenge to work
with because they can be non-compositional in nature. Compositionality refers to
whether a meaning of a MWE can be derived from its component words. MWEs
can either be compositional or non-compositional. For example, we can derive the
meaning of kick the bucket from its component words kick, the and bucket which
means to literally kick the bucket (e.g., with one’s foot). In the above example, kick
the bucket can also have another meaning which is an idiom meaning “to die”. This
exhibits non-compositionality where the meaning of the phrase cannot be derived
directly from its component words. Automatically identifying non-compositional
MWEs has been shown to be a harder task as compared to compositional MWEs
[67]. [67] also showed that word embedding models such as word2vec and fastText
were better at identifying non-compositional MWEs compared to newer contextual
word embedding models such as BERT on some tasks. Later experiments by [97]
have shown that contextual embedding models perform better on other tasks.
While most datasets that are used for MWE identification and classification are

predominantly in English, there are a few datasets that are in other languages such



as Portuguese [23] and German [91] and recently multilingual datasets have been
created such as PARSEME [88, 77, 78|. For other languages, monolingual language
models were created for downstream tasks on those languages such as AraBERT [3]
for Arabic and RuBERT [47] for Russian, but these models would not be ideal for
cross-lingual experiments where training data is in one language and testing data is
another. For cross-lingual tasks, multilingual models such as mBERT [24] would be
ideal.

One interesting line of investigation is the ability of models to generalize to expres-
sions that were not observed during training. For example, this was a focus in the
evaluation of [78]. [27] further explore the ability of language models to encode
information about idiomaticity that is not specific to a particular language by con-
sidering cross-lingual idiomaticity prediction, in which the idiomaticity of expressions
in a language that was not observed during training is predicted.

In our current study, we have two research questions. The first one is Can models
for automatically predicting idiomaticity generalize to MWFESs in a different language
that was not seen during training? The results in chapter 5 indicate that models
are able to learn information about idiomaticity that is not language-specific. The
heldout setting in Table 5.2 show that models such as mBERT [24] are able to
identify unseen MWESs in a cross-lingal setting. This can be particularly useful when
low-resource languages are involved. We can use training data from high-resource
languages to learn information about idiomaticity and use it to identify and classify
expressions in low-resource languages. The second research question is Can data from
other languages be leveraged to improve performance of idiomaticity detection? The
results from chapter 5 show also that additional training data from other languages
can be leveraged to improve model performance. The all setting in Table 5.2 shows
that concatenating data from other languages led to an increase in model perform

over the monolingual setting i.e., training and testing on the same language. This



can be useful for improving the performance of monolingual systems by incorporating
additional training data from other languages.

In our current study, we use two tasks to answer our research questions. Task 1 is the
SemEval 2022 task 2 subtask A [102] which is a binary sentence-level classification
task of whether a sentence containing a potentially-idiomatic expression includes an
idiomatic or literal usage of that expression. In this subtask, the training data con-
sists of English and Portuguese, while the model is evaluated on English, Portuguese,
and Galician. As such, the shared task considered evaluation on Galician, which was
not observed during training. In this study, we examine cross-lingual settings fur-
ther, conducting experiments which limit the training data to one of English or
Portuguese, to further assess the cross-lingual capabilities of models for idiomaticity
prediction.

Task 2 is the PARSEME 1.2 shared task which is a sequence labelling task in
which tokens which occur in verbal MWEs, and the corresponding categories of
those MWEs (e.g., light-verb construction, verb-particle construction), are identified
[78]. This shared task considered a monolingual experimental setup for fourteen lan-
guages; separate models were trained and tested on each language. In this study, we
consider two different experimental setups: a multilingual setting in which a model
is trained on the concatenation of all languages, and a cross-lingual setting in which,
for each language, a model is trained on training data from all other languages, and is
then tested on the language that was held out during training. We use transformer-
based multilingual language models such as mBERT [24], XLM-RoBERTa [21] and
mDeBERTa [37].

The contributions of this thesis are highlighted as follows:

1. Proposed novel cross-lingual setups for the PARSEME and SemEval tasks.

2. Showed that models in a cross-lingual setting outperform baselines, demon-

strating that models for predicting idiomaticity can generalize to MWEs in



languages that were unseen during training.

3. Demonstrated that models can leverage additional training data from other
languages to improve model performance by concatenating the training data

in the other languages. This improves over initial monolingual settings.

The remainder of the thesis is structured as follows. Chapter 2 presents the back-
ground of research in language models and MWEs in detail. Chapter 3 describes the
models used in both of the tasks. Chapter 4 details the datasets used, experimental
setup, implementation and parameter settings, and finally the evaluation metrics.
Chapter 5 discusses the results obtained from each of the tasks. Chapter 6 outlines

the conclusions and future work.



Chapter 2

Related Work

This chapter reviews previous research done on word embeddings including on non-
contextual word embeddings and models related to them. It also explores the trans-
former architecture and transformer-based models such as BERT and its variants.
It then explores research done on cross-lingual prediction. It then continues to re-
search done on multiword expressions as a linguistic phenomenon and emphasizing

token-level multiword expression identification.

2.1 Word embeddings

Word embeddings are dense, distributed representation of words [2]. They are based
on the distrubutional hypothesis, which states that words are similar to one another
if they have similar context around them. They are of two types: count-based
word embeddings and prediction-based word embeddings as defined in [2]. These
embeddings are fixed length vectors so that various mathematical operations such
as addition or average of the vectors could be performed on them to extract relevant
information. Previous methods for representing words such as one-hot encoding or
TF-IDF created sparse vectors, where the size of the vectors depended on the number

of unique words in the corpus on which the embeddings are based, which would result
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Figure 2.1: Example of a co-occurrence matrix [26].

in very large vectors. To overcome this problem of large vectors, and also better
capture semantic and syntactic information about words, word embeddings which
were dense representations were introduced. Modern word embeddings, such as the

ones created from word2vec [58], often have a vector size of around 300 dimensions.

2.1.1 Count-based word embeddings

Count-based word embeddings, also known as frequency-based word embeddings, are
an easy way to represent a word based on the count of each word in a fixed vocabulary.
This type of word embedding relies on the use of statistical measures rather than a
neural-network based approach. A common method to represent count-based word
embeddings is a co-occurence matrix. A co-occurrence matrix is a matrix X where
each entry in the matrix, X}, is the number of times the word j occurs in the context
of the word i [65]. Figure 2.1 shows an Example of how a word-word co-ocurrence
matrix is formed with a window size of 1 from a very small corpus of three sentences
“I Like deep learning”, “I like NLP” and “I emjoy flying” which applies singular

value decomposition to a term-document co-occurence matrix.



A drawback to using a word-word occurence matrix is due to its sparse nature. If
the Vocabulary V of a dataset is in the millions, then the matrix would have many
zero elements making it difficult to process in order to create word embeddings. In
order to use global statistical information about words, but also reduce the number
of non-zero elements, [69] introduced a method known as Global Vectors for Word
Representations (GloVe).

GloVe is trained on the nonzero elements of the word word co-occurence matrix
by calculating the log probabilities of the co-occurences. The ratio of probabilities
between co-occurrences gives us meaning to whether these probabilities contain any
semantic information. GloVe is noted to perform better than the popular word2vec
at word similarity tasks [69] and with less training time as well. In the WordSim-
535 word similarity task [29], GloVe outperforms continuous bag of words (CBOW)
model of word2vec [58] and in the rare-word similarity task [57], it outperforms
CBOW. In terms of capturing information about MWEs, [45] proved that GloVe is
effective in capturing latent semantic information about MWEs using the DIMSUM
[92] dataset.

However, [7] showed that prediction-based models such as CBOW perform better
on semantic based tasks. In an in-depth analysis between word2vec and GloVe in
capturing knowledge regarding semantic compositionality of MWEs, [72] showed that

prediction-based word embeddings were better than count-based word embeddings.

2.1.2 Prediction-based word embeddings

Prediction-based word embeddings are created similarly to how neural network mod-
els are trained. This type of word embedding is created by assigning each word to
a dense vector of fixed size, usually from 50 to 600 [58]. These embeddings are cal-
culated based on the distribution of words in the training corpus. The first use of

neural networks to represent words was developed by [9], who created the first Neu-



ral Network Language Model (NNLM) which could process and represent text in a
large scale. This model had a feed-forward neural network with a non-linear hidden
layer used to predict words. Although this was a language model used to predict
words, the main objective was not to learn word embeddings, but embeddings were
a by-product of it. The first model specifically created for learning word embeddings
was [20], where to create a word embedding for a given word in the training corpus,
it uses the context of that particular word. For larger datasets containing billions
of words, and to process these words at a faster rate, [58] introduced word2vec. It
showed improvements in creating word embeddings compared to previous models
[58], while at the same time showing that it can capture syntactic and semantic
information about words. Word2vec initially was created with two different archi-
tecture. First was the continuous bag-of-words (CBOW), where the word embedding

for the current word w(?) is predicted based on its context as shown in Figure 2.2.
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w(t+2)

CBOW

Figure 2.2: Architecture of CBOW [58].

CBOW is similar to the model developed by [9], except with the absence of the non-
linear hidden layer and in this case all words around the target word are projected
onto a single vector by averaging the vectors of the words around it. The second
word2vec approach was the continuous skip-gram model which is similar to CBOW,
but here it tries to predict the context for a target word as shown in Figure 2.3.
Here, the model tries to predict the words in the context C' around the target word
w(t) trying to predict words in C. As the size of the context increases, the accuracy
of word2vec increases. However, a higher range C' required more computing power.
In Figure 2.2 and Figure 2.3, C=2 and the context words are w(?-2), w(t-1), w(t+1)

and w(t+2). The authors use C'=10 in their initial experiments. Both of these

11
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w(t-2)
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w(t+2)

Skip-gram

Figure 2.3: Architecture of skip-gram [58].

approaches use a hierachical softmax layer [63, 64] to calculate the probabilities,
which is an efficient way to compute the softmax function.

To improve skip-gram, [61] introduced skip-gram with negative sampling (SGNS).
While skip-gram tried to predict the context for each target word, the authors intro-
duced a new optimization function known as negative sampling to make the model
more scalable and learn faster. Here, in addition to predicting all of the context
words which are positive examples, it also selects random words as negative samples.
It tries to identify which words are positive, i.e., words in context, and which are

words are negative, i.e., words out of context, making it a binary classification task.

12



This led to a small number of weights being updated, thereby decreasing computa-
tion time. In the word analogy task defined in [58], SGNS has the best accuracy
among word2vec models. Overall, word2vec has shown to be an improvement over
count-based models such as GloVe in various NLP tasks, such as in topic segmenta-
tion [66]. It also works better monolingually across different languages in the same
task[66].

While [58, 61, 62] succeeded in creating better and more efficient representations of
words, they also showed that these models can capture semantic information about
them. Figure 2.4 shows how neural word embeddings created from models such as
word2vec can capture semantic information. We can see that the distance between
“Queen” and “King” is similar to the distance between “Man” and “Woman” in the
graph depicted in the right side of Figure 2.4. Also, we can see the red vectors in the
graph depicted in the left side of Figure 2.4 shows that size of the red vectors are
roughly the same size. Word2vec can also find relationships between pairs of words.
For example, we can calculate the vector for “Queen” using the following equation

from Figure 2.4 :

vector(“King”) — vector(“Man”) + vector(“Woman”) = vector(“Queen”)[58]

While these models provided dense, efficient representation of words, they had draw-
backs. Firstly, for languages such as Finnish, Arabic and Japanese which are mor-
phologically rich in nature and contain many unique wordforms, representing words
in these languages would be difficult using the above mentioned methods. Also,
models such as GloVe and word2vec cannot handle out-of-vocabulary (OOV) words.
These are words that do not appear in the training dataset but occur in the test
dataset. To overcome this, fastText [12] was introduced. While word2vec and GloVe
create an embedding for each word in the vocabulary, fastText creates character n-

grams and each word is represented by these character n-grams. Character n-grams

13



Queen = [0.3, 0.9] Queen =[0.3, 0.9]

King =[0.5,0.7] King =[0.5, 0.7]

Woman =[0.3, 0.4]

an=[0.3, 0.4]
lan =[0.5, 0.2] \Man =1[0.5,0.2]

> >

Figure 2.4: Illustrated example of word embeddings of words “King”, “Queen”,
“Man” and “Woman” projected in a 2D space [98].

are subwords which are of length less than or equal to n, where n usually ranges

between three and six. E.g., for where, the subwords created for n=3 are [12] :

<wh, whe, her, ere, re>

FastText creates a unique embedding for each subword and then averages the em-
beddings of all the subword embeddings to form the embedding for the whole word.
It outperforms previous word2vec models in various downstream NLP tasks such as
word similarity and word analogy tasks across a range of languages [12].

Prediction-based word embedding models create a single global vector for each word.
This can be a problem when a single word is used in multiple ways. For example,
in the sentence My friend works in a bank, the word bank indicates a financial in-
stitution. It can also be used to indicate the edge of a river where it meets the
land in the following sentence I was fishing by the river bank. The same word bank
has different meanings based on its context. To represent the meaning of a word
based on its context, contextual embeddings were proposed. One of the first con-

text embedding language models that was proposed was TagLM [70]. This model

14



created bidirectional word representations using bidirectional Recurrent Neural Net-
works. The state of the art contextual embedding model is Bidirectional Encoder

Representations from Transformers, also known as BERT [24].

2.2 BERT

BERT [24], developed in 2018, is a revolutionary language model that could perform
multiple downstream tasks. BERT is trained like a multi-purpose language model,
where it needs to be pre-trained only once on a large unannotated corpus, and for
each downstream task, it just needs to be fine-tuned for that task. BERT is based on
the transformer architecture, proposed by [106]. Transformer improves over existing
models such as RNN (recurrent neural network) or LSTM (long short-term memory).
Before we discuss about BERT, we need to explain briefly about RNN-based language

models and the underlying transformer-based architecture.

2.2.1 RNN

RNN, proposed by [82], allowed models to process data sequentially. It is especially
useful in NLP, by learning contextual information from words it has already pro-
cessed. The first RNN-based language model was proposed by [59]. The architecture
of the model is illustrated in Figure 2.5.

The middle layer of the model is called the hidden layer or the context layer. Each
input word is represented as a vector of fixed length, similar to how to word embed-
dings were created using word2vec. In the RNN-based language model, the input
vector to context(t) is calculated by concatenating the input vector of the current
word input(t) and the outputs of the context layer context(t-1), which are the weights
of the hidden layer after the previous word was processed.

RNN improved over n-gram language models in various speech recognition tasks [59].

15
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Figure 2.5: Architecture of the RNN-based language model [59].

A major drawback to the RNN-based models was the vanishing gradient problem
[39], where as the input grows in size, the gradient becomes too small to update the
hidden state of the network. This would result in the neural network not being able
to capture long range dependencies and losing important information. To address
this problem, long-short term memory networks (LSTMs) [40] were proposed, which
introduced a gating mechanism known as the ‘forget’ gate, which decided how much
of the data from the previous time step needs to be ‘forgotten’ and what information
needs to be remembered, allowing only important information to be processed.

[15] showed that longer sentences led to a decrease in performance by RNNs. To
understand context in larger sentences, a mechanism known as “attention” was pro-
posed [4] for RNNs. The attention mechanism, allows the model to concentrate
on (i.e., attend to) the important parts of the input based on their relevance to

the word the decoder is currently processing. Figure 2.6 shows the working of the

16



attention mechanism. For a given target word y;, the input sequence is denoted
by x1, 29, x3....x7, S; is the hidden state of the RNN at time ¢. hy, hs, hs....~hy in-
dicates a sequence of annotations, to which the encoder maps the input sequence
[4]. a1, at2,ars.....ar 7 is the alignment model, which tells the model which parts of
the input sequence are important. The model is designed as a feed-forward neural
network where the input is processed sequentially. The sum of the alignment model
creates the context vector, which is then concatenated with the output of the decoder

at the previous step to create the output at the current step.

—>05t1
G 1 v T
Q.2 Gt 3
h, [T ho [T hs hy
hy[STTh, s hs = <y

)(15:)(25)'(35 XI_

Figure 2.6: Working diagram of the attention mechanism [4].

The use of attention mechanism has shown to improve performance in tasks such as

machine translation [4].

2.2.2 Transformers

Transformers [106], improved over RNN and LSTM-based language models. Due

to the nature of the recurrent models, to process the input sequentially, this would

17



create a sequence of multiple hidden states h;, based on the previous hidden state
h;_1, for a word at position £. The bigger the dataset, the larger the number of
hidden states created. This would result in memory constraint issues when dealing
with larger datasets. To address this memory issue, and also to allow parallelization
of the training process to reduce training time, transformers was proposed. It uses
multiple encoder blocks to represent the input and multiple decoder blocks to produce
the output. The encoder creates representations of the input which also captures
contextual information for each word in the input. It captures the information by
creating a context vector of fixed length. The decoder then produces the output
sequence using the hidden state of the encoder block. Another essential part of
transformers is the attention mechanism.

Transformers use a unique form of attention, known as “self-attention” or “intra-
attention”, proposed by [106]. While the traditional attention mechanism uses the
entire input sequence to calculate the hidden states, self-attention also deals with
different positions related within the sequence itself, allowing to capture dependencies
between the words in a sequence. Figure 2.7 shows the working of the transformer
architecture. Transformers contain blocks of attention layers known as multi-head
attention. These attention blocks help the model to capture the above mentioned
dependencies in the input sequence. For a given input sequence, the attention blocks
find the relevant words for each word in the input sequence by considering the entire
sequence as a whole. The encoder uses layers of self-attention stacked on itself to
process the inputs and similarly the decoder uses layers of self-attention stacked on
itself to generate the output. Given an input sequence x1, xs...x,, the encoder creates
continuous representations 21, 2s....2,. This passes as input to the decoder layer. The
decoder creates an autoregressive [33] output 41, ys...yn, where the output generated
at any time is dependent on the previously generated word [106].

[106] showed that transformers improved over neural networks models in tasks such
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Figure 2.7: Model of the transformer architecture [106].

as machine translation. It also gives improvements in tasks such as text classification
[114], image recognition [68] and question answering [25]. Some transformer-based
language models are BERT [24], generative pre-trained transformer (GPT) [73], XL-
NET [114], T5 [75] and BART [51]. Since our current study focuses on the use of
BERT and BERT-like models, we give a detailed description of BERT.

2.2.3 BERT architecture

BERT is unique from other transformer-based language models. It contains only
the encoder part of the transformer architecture. By utilising both the right and
left context of the input sentence, it creates bidirectional representations of words.
Unlike GPT, which only does left to right training [73], BERT does bidirectional

training, allowing it to not only capture information about words occurring before a
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target word, but to also capture information about words that occurs after it. This
is done through the use of masked language modeling (MLM).

For input tokenization, BERT uses wordPiece embeddings [112], where subwords are
created to handle rare and OOV words. Figure 2.8 illustrates the input representation
of BERT. A single input sequence consists of a sentence pair, which is denoted by the
segment embeddings, where A corresponds to the first sentence and B corresponds
to the second sentence. There are special input tokens which are the [CLS| token
and [SEP] token. The [SEP] token is used to differentiate the sentences while the
[CLS] token is a token that contains the overall information about the sequence.
Each input word of the sequence is represented as a summation of its corresponding
position, segment and token embedding. These input tokens can be seen in the top
input layer of Figure 2.8. For each sentence pair, the model produces a classification
token [CLS], which is used as a representation of the sentence for classification tasks.
It also contains a separator token [SEP], that can be used to differentiate between

sentences such as questions and answers.

i [ () (o)) ome]) () () ) ) ()
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Figure 2.8: BERT input representation [24].

The usage of BERT occurs in two stages: 1. pre-training of the model and 2. fine-
tuning of the model. This is highlighted in Figure 2.9. The left side of Figure 2.9
illustrates the pre-training stage of BERT, while the right side shows the fine-tuning

stage. BERT is pre-trained on English Wikipedia which contains about 2.5 billion
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words, and the BooksCorpus dataset [117], which contains around 800 million words.
It is pre-trained by using two tasks. The first is masked language modelling (MLM),
where the model randomly masks 15% of the input sequence with a mask token and
the model is forced to predict these tokens. The masked word is passed through
an output softmax layer where the word with highest probability is the predicted
word. Out of this 15% of tokens, 80% are replaced with a [MASK] token, 10% are
replaced with a random word and the remaining 10% do not change. This allows
to avoid creating a mismatch between the pre-training and fine-tuning stages. The
second pre-training task is next sentence prediction (NSP). In this task, the model
has two sentences A and B as input taken from the corpus. In 50% of the training
pairs, the sentence B is the next sentence after A in the corpus. In the other 50%, B
is a random sentence from the corpus. Given these pairs, the model has to predict
whether sentence B actually appears after A. This task is useful in downstream tasks
such as question answering (QA) [24].

The second stage of BERT is the fine-tuning stage. For a specific task, we use the
existing pre-trained parameters of the model and fine-tune with the task-specific
data. This is highlighted in Figure 2.9, where the pre-trained model is fine-tuned
for three different tasks which are SQuAD [76], name-entity recognition (NER) [104]
and multi-genre natural language inference (MNLI) [109].

BERT had two model sizes denoted by BERTgasg and BERT srqe. BERTBAsE
had (L=12,H=768) and BERTsrcr had (L=24,H=1024), where L denoted the
number of self-attention layers and H denoted the hidden layer size, i.e., the number
of dimensions per token. BERT} srcr achieved state-of-the-art results in various
NLP tasks such as SQuAD [76], NER [104] and GLUE [107]. It improved over
BERTpasg and LSTM models, while reducing the training time as fine-tuning is

inexpensive over training from scratch. To handle tasks in other languages, multi-
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Figure 2.9: Pre-training and fine-tuning stages of the BERT framework [24]. The
architecture is similar in both stages, except for the output layers. The output tokens
used in the fine-tuning stage depend on the task it is being fine-tuned for.

lingual BERT (mBERT) was introduced which is pre-trained on 104 languages.*
Robustly Optimised Pre-training Approach (RoBERTa) [56] was introduced as an
improvement over BERT. It contained a few key changes from BERT. Firstly, it was
pre-trained on a much larger dataset. Secondly, it does not use the NSP objective
while pre-training. Thirdly, it uses Byte-Pair Encoding (BPE) [95], similar to the
one used in GPT-2 [74] as its tokenization method rather than wordPiece. Lastly,
it uses a different masking method in the MLM part of pre-training. BERT uses
static masking, where the masking is done only once while pre-training. In con-
trast, RoOBERTa uses dynamic masking. In this method the dataset was duplicated
multiple times to ensure different words get masked each time since the masking is
done randomly. [56] showed that the use of dynamic masking resulted in improved
performance of the model in the SQuAD and MNLI tasks.

In our current study, we use XLM-RoBERTa [21], which is a multilingual version of
RoBERTa. [21] mentions a trade-off between model performance and the number of
languages the model is pre-trained known as the curse of multilinguality and suggests

that the way to solve this problem is to increase model size. Section 4.3 gives a

Thttps://github.com/google-research/bert /blob/master /multilingual.md#list-of-languages
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more detailed description on XLM-RoBERTa’s model parameters. XLM-RoBERTa
outperforms mBERT in various cross-lingual NLP tasks such as the Cross-lingual
Natural Language Inference (XNLI) [22] and the Multilingual Question Answering
(MLQA) [52].

Decoding-enhanced BERT with disentangled attention (DeBERTa) [38] improved
upon BERT and RoBERTa by introducing an attention mechanism known as dis-
entangled attention. Unlike BERT and RoBERTa which has a single vector for each
word which is the sum of the word embedding, segment embedding and position
embedding (Figure 2.8), DeBERTa has two vectors for each word. The first is the
word embedding and the second is the positional embedding of the word. The atten-
tion weights are then calculated using these two vectors for each word. DeBERTa
also introduced an enhanced attention decoder where during MLM pre-training, the
model also introduces the absolute positional embedding of the masked word before
passing it through the softmax layer. These changes led to an improvement over
BERT and RoBERTa in the MNLI and SQuAD tasks [38].

In our current study, we use a multilingual version of DeBERTa known as mDeBERTa
[37], which is based on the DeBERTa V3 model [37]. In DeBERTa V3, the MLM
pre-training task is replaced with Replaced Token Detection (RTD) [19]. RTD is a
pre-training objective that is similar to a generative adversial network (GAN) [32]
in that a generator generates words while a discriminator needs to distinguish the
generated words from the original words. XLM-RoBERTa and mDeBERTa is pre-
trained on the same CC100 corpus [21]. mDeBERTa improves over XLM-RoBERTa
in the XNLI test [37].
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2.3 Cross-lingual

The term “cross-lingual” in NLP is closely related to the term “multilingual”. Multi-
lingual refers to when a certain task or model involves the use of multiple languages.
It generally occurs when the task has a training dataset in multiple languages and
is tested on the same set of languages. Cross-lingual transfer is a more narrow work
within NLP and occurs when a model or task has a training dataset in one or more
languages and is tested on a separate set of languages. One common NLP task that
is related to cross-lingual work is machine translation. Machine translation (MT) is
the task of automatically translating text from one language to another. The use of
neural-network models to perform machine translation is known as neural machine
translation (NMT). [42] proposed the use of recurrent neural models for MT. [99]
improved upon this by the use of sequence to sequence models for MT by taking
entire sentences for input and converting them word by word. [99] also used a single
neural network instead of multiple models connected with one another. Other work
in NMT involves the use of a character-level encoder model [53] and character-level
decoder model [17]. While much of the work has been small-scale theoretical mod-
els, MT has been a major area of research in industry. [112] showed how Google’s
NMT system works and its working at scale through the use of the encoder-decoder
model and the attention mechanism. Transformer-based models showed great im-
provement in NMT while reducing training time through pre-training. [49] showed
that the use of pre-trained transformer-based models such as XLM improved over
recurrent models. This was done through the use of translation language modelling
(TLM). TLM involves the masking of tokens in both the training and test languages
while pre-training. This is illustrated in Figure 2.10.

In addition to predicting masked tokens in English, the model is also forced to
predict masked tokens in French while pre-training. The English and French words

have the same position embeddings. [21] showed that XLM-RoBERTa outperformed

24



Masked Language

Modeling (MLM) Jie

A 4 A A
| Transformer ]
A 4 4 A A A A 4 A A
:::S:d angs | is] } [IMASK]‘ | a l |seat| |[MASK1] ‘have| | a ] |IMASK]‘ | /sl | |[MASK1| |re|ax| ‘ and |
N + + + + + + + + + + + +
s N N B B B R B B B B B
+ + + + + + + + + + + +
cndegs Len | [en | [len | [len] [fen ]| [en ] [en | [len ] [len] [(en | [en | [en ]
Modeling (riwh 2
4 4 A A
| Transformer l
A A A A A 4 A A A A A
ombodings 181 | [ tne | [mns] uasa] [oue | | 06l | | sl | [mask] [pcaus] [otaient] [masw| | (s |
N + + + + + + + + + + + +
sy N B B B B B B B B R B
+ + + + + + + + + + + +
ciges Len | [en | [en ] [fen] [fen] [en] [ ] [« ] [« ] [« ] [«] [r]

Figure 2.10: Masked language modelling vs translation language modelling [49].

XLM and mBERT in various cross-lingual tasks such as XNLI MT task and MLQA.
Other cross-lingual tasks include cross-lingual document classification [94] and cross-
lingual information retrieval (CLIR) [41]. Cross-lingual document classification was
first introduced by [8]. It involved having training documents in one language, and
classifying documents in another language. Cross-lingual information retrieval refers
to the task where given a query in one language, the model has to retrieve documents
in a different language relevant to that query [8].

While the majority of the cross-lingual work has been on high-resource languages,
such as English, German, French, etc., little work has been done in low-resource
languages. Cross-lingual transfer allowed models to learn to transfer information
from one language to another. This can be done through the use of cross-lingual
word embeddings [81]. Cross-lingual embeddings are representations of words where
the translations of words appear closer to one another when projected on a joint
embedding space. This is illustrated in Figure 2.11. The pink words are words in

[talian and the green words are its English translations.
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Figure 2.11: monolingual word embeddings (left) and cross-lingual word embeddings
(right) [81].

[60] proposed a method that uses linear transformation of words across languages to
learn cross-lingual word embeddings. [35] proposed a method to learn cross-lingual
word embeddings for low-resource languages from a high-resource languages and
bilingual lexicon. [111] showed that pre-trained transformer based models, such as
mBERT, are able to create deep contextualized cross-lingual word embeddings since

they have a joint vocabulary for all the languages it was pre-trained on.

2.4 Multiword Expressions

This section explains the work that has been done in multiword expressions in the
context of NLP. Multiword expressions (MWESs) are a frequent phenomenon that
occur in natural languages. They are described as expressions containing multiple
words, where the meaning of the expression cannot be derived from its component
words i.e., they display some form of idiomaticity [84]. In this section we focus
mainly on two NLP tasks associated with MWEs, which are token-level idiomaticity
prediction and token-level MWE identification. Before we discuss these areas, we give
a brief introduction as to the importance of MWEs in NLP and challenges language
models face when processing them.

There are multiple types of MWEs that exist. One common type of MWE is noun

compounds (NCs) where two or more nouns combine to form a MWE (eg., red
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flag). [5] first proposed to predict the compositionality of a MWE focusing on noun
compounds using latent semantic analysis (LSA). This was later extended by [46],
who proposed an unsupervised system to predict the compositionality of noun com-
pounds. [79] introduced a dataset that not only analyses the noun compound as a
whole but also determines how much each component of the noun compound con-
tributes to the meaning. Most research in noun compounds predicted them at a
type level, but it is also imperative we predict them on a token-level. Type-level
idiomaticty refers to when we predict the idiomaticty of the entire MWE without
looking at the component words. Token-level idiomaticty refers to when we predict
how much individual tokens in a MWE contributes to the idiomaticity of the en-
tire expression. [30] showed that predicting noun compounds at a token level also
improves the model’s ability to predict the compositionality of noun compounds.
Another common type of MWEs is verb-particle constructions (VPCs). VPCs are
made of a verb and a particle which can be either a preposition (eg., play around),
an adjective (eg., cut short) or a verb (eg., let go) [6]. [11] proposed a method to
identify VPCs that may not appear in the dataset by largely identifying them as
compositional in nature.

Due to the potential idiomatic nature of MWEs, MWEs are hard to identify [87].
MWEs are important to identify and extract due to the growing number of MWE
instances [28, 77, 78, 102]. For a large number of downstream tasks, it is important
to automatically identify MWEs to improve model performance. One such task is
machine translation. We can leverage bilingual MWEs for such tasks. [80] define
bilingual MWEs as MWEs which have a one-to-one word-for-word translation from a
source language into a target language. The use of bilingual MWESs have been shown
to improve machine translation performance [80]. [115] proposed a biLSTM based
model to translate MWEs from a source language to MWEs in a target language.

They also introduced a new metric known as mwe,.... to evaluate the effectiveness
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of the translated MWE compared to the original meaning of the source MWE.
Another NLP task where MWE identification is important is information retrieval
(IR). Information retrieval is defined as the task of identifying relevant information
from a large corpus given a query. [50] created a manually annotated French corpus
of MWEs that help with IR. [1] demonstrated that treating MWEs as a single unit
compared to analysing the individual tokens of the MWEs improved the performance
of the model. For example, the word pop star means a celebrity, and if the query
contains the words pop star, it is necessary to treat them as a single expression to
identify relevant information from the corpus.

A lot of work has been done in token-level idiomaticity prediction. This task involves
predicting whether a given MWE is idiomatic in nature or not, while examining
it at a token-level. [43] proposed and evaluated multiple word-embedding based
models such as word2vec and CBOW for predicting the idiomaticity of verb-noun
combinations (VNCs). They also showed that averaging the word embeddings of
the MWEs proved effective in identifying the semantic nature of the expression.
Another way for identifying the idiomaticity of an MWE is by examining the context
around it. This can be done through the use of contextual embeddings. Contextual
embedding models such as ELMo [71] and BERT [24] have been shown to improve
performance in predicting idiomaticty in MWEs over non-contextual models such as
word2vec [36]. A task that is similar to our current study is [27]. It involves the use
of BERT-like models to predict the idiomaticity of MWEs in a cross-lingual setup,
while also extending to expressions that are unseen, i.e., in a cross-lingual “zero-shot”
setting. Here, the MWESs in the test dataset do not appear in the training dataset.
While zero-shot settings can also be monolingual, [27] performs a cross-lingual zero-
shot task. They train in English and test in Russian and vice-versa, making it a
cross-lingual task. In our current study, we use the dataset presented in “SemEval

Task 2: Multilingual idiomaticity prediction detection and sentence embedding”
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[102]. This is a shared task where multiple teams present their solutions to a given
problem. This task is a binary classification task of predicting the idiomaticity of
an expression as idiomatic or literal in nature. Most of the solutions presented were
transformer-based models [113, 16, 103], which were the best performing solutions
at the shared tasks.

Another major area of research in MWEs is the identification of MWEs. This is
where models have to identify MWEs in running text. The first major shared task
in labeling MWEs was the SemEval 2016 task 10 titled “Detecting Minimal Semantic
Units and their Meanings 7 (DIMSUM) [92]. The dataset consisted mainly of social
media text which was pre-processed. Given a sentence, the model has to identify
which words are parts of MWEs. Most of the systems presented heuristics based
solutions or conditional random field (CRF) based solutions except for [90] which
used a simple neural network perceptron based solution. [31] proposed the first deep-
learning based model for token-level classification of MWEs. They used a recurrent
neural network and convolutional neural network (CNN) on the DIMSUM dataset.
They improved over the existing solutions presented in the initial shared task with
the use of the CNNs. While most token-level based tasks focused on identification of
other types of MWEs, little work has been on verbal MWEs (VMWEs). VMWEs are
MWZEs that contain a verb as a part of the MWE. For example, the expression make
a meal contains the verb make [88]. It has two meanings, the first is an idiomatic
sense which means to spend more time and effort on a task than is actually required.
The second meaning is the literal meaning which is to make food. [88] created
the first edition of the PARSEME shared task (PARSEME 1.0), which focused on
the automatic identification of VMWEs in multiple languages. The first edition
includes VMWES in 18 languages. The second edition of the PARSEME shared task
(PARSEME 1.1) [77] introduced major changes such as new languages including

Basque, Croatian, English and Hindi. It also refined the meaning of VMWE as an
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expression where the head of the expression is a verb. In our current study, we use
edition 1.2 of the PARSEME shared task [78]. Compared to the previous editions
of the PARSEME shared task, Chinese, Irish and Swedish were newly introduced or
significantly changed in PARSEME 1.2. This edition also emphasized the evaluation
of unseen MWEs and also redefined the meaning of unseen VMWEs as the multiset
of lemmas that are not annotated in either of the training or dev datasets, as opposed
to only in the train dataset as defined in earlier PARSEME editions. In this shared
task, MTLB-STRUCT [100] is the best performing system. MTLB-STRUCT uses
mBERT in conjunction with a dependency parser to identify and classify VMWEs.
The architecture of MTLB-STRUCT is illustrated in Figure 2.12.
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Figure 2.12: Architecture of MTLB-STRUCT [100]. The left side of the image
contains the input to the BERT model used. The right side contains two different
parts which are the layers on top of BERT. The first is a linear layer used for MWE
tagging and the second is Tree CRF used to improve the performance of the model.

A detailed explanation of MTLB-STRUCT can be found in 3.2. The model performs
the best across all the languages in the shared task hence we decide to use this system

in our experiments.
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Chapter 3

Models

We use transformer-based multilingual BERT models since our experiments involve

training and testing in multiple languages.

3.1 SemkEval

For SemEval 2022 task 2 subtask A [102] we apply BERT [24] models for sequence
classification. In the initial shared task published in 2020, the shared task organiz-
ers used a multilingual BERT (mBERT) model for the baseline [102]. We follow
the baseline where the model is fine-tuned on the training data and is tested on
the testing data as usual. We wanted to test if more-powerful models improve the
classification performance. To do this, we extend the baseline to use more-powerful
multilingual models, including XLM-RoBERTa [21] and mDeBERTa [37], as opposed
to mBERT.

3.2 PARSEME

For the PARSEME 1.2 task [78], we use the MTLB-STRUCT system [100], which

performed best overall in the shared task. The architecture of MTLB-STRUCT is
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setup in a way such that it simultaneously learns MWEs and dependency trees by
creating a dependency tree CRF network [83] while using the same BERT weights
for both the tasks. MTLB-STRUCT uses a pre-trained multilingual BERT model. A
layer is added on top of the pre-trained model that contains a softmax function which
performs classification of MWEs based on their category. The loss obtained during
classification of MWEs is optimised using the cross-entropy between the training
label and the predicted label. Parallelly, for the dependency trees, a layer containing
a dependency conditional random field (CRF) performs prediction for dependency
trees. A separate loss for dependency trees is calculated and then both losses are
added which is then optimized by the ADAM optimiser [44]. The use of this archi-
tecture has been shown to improve the cross-lingual identification and classification
of VMWES as shown in [101], where the model was trained on the German dataset in
the PARSEME 1.1 [77] shared task and tested on English data from the same shared
task. We evaluate this system in novel cross-lingual and multilingual experimental
setups as explained in section 4.2.

We chose these systems because we wanted to find a system where we could reproduce
the results of the original system. These systems performed well in the monolingual
setup in the initial shared task and we wanted to expand this to our novel cross-
lingual and multilingual setups and see if BERT-based language models can learn

information about idiomaticity that is language specific or not.
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Chapter 4

Materials and Methods

In this chapter, we describe our datasets, experimental setup, implementation and

parameter settings, and evaluation metrics.

4.1 Datasets

In this work, we focus on cross-lingual identification and classification of MWEs. To
perform cross-lingual analysis, we need datasets that contain instances in multiple
languages. For this, we use the SemEval 2022 task 2 subtask A [102] which is titled
“Multilingual Idiomaticity Detection and Sentence Embedding” and the PARSEME

1.2 [78] edition on identification of verbal multiword expressions.

4.1.1 SemkEval

SemEval 2022 task 2 subtask A contains a multilingual dataset which is further
divided into train, dev, eval, and test sets. We train models on the train set and
evaluate on the test set, which was used for the final evaluation in the shared task.
While only the train and test datasets are used in the experiments and our results
are reported on the test set in Table 5.1, we initially used the dev and eval datasets

to test the feasibility of our models. We do this by reproducing the results of the
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MWE Previous Target Next Label
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gutted government N ngi;lfs T heed to know
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ovb . cybersecurity o
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Outro
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Este é um de 2009
A Casio no faz elegante da Gripe Suina,
, , , . relogio Com um 6timo
relégio analégico apenas relégios 0

digitais.

analogico da

custo-beneficio,

marca da para

japonesa. agradar o
papai, sem
prejudicar
seu bolso.

Table 4.1: Examples from the SemEval 2022 task 2 subtask A dataset, which are
lightly edited to make them more concise.

original baseline to ensure we can extend the baseline to our novel cross-lingual
setup. The dataset includes instances in three languages: English (en), Portuguese
(pt) and Galician (gl). The dataset contains the following columns: MWE, Previous,
Target, Next and Label. The previous column contains the sentence that precedes
the sentence that contains the target MWE. The target column contains the sentence
which has the target MWE and the next column contains the sentence which follows
the target sentence. The label column has values of either ‘0" or ‘1’ where 0 means
the target MWE has been classified as idiomatic and 1 means the target MWE has
been classified as literal. The train data contains 2535 idiomatic instances which is
about 56.4% of the training set and 1956 literal instances which is about 43.5% of
the training set. Table 4.1 shows how the dataset is structured with an example in
English and Portuguese. In both the examples, the MWEs are labeled as ‘0’, where
the MWESs is used in an idiomatic sense.

4

We only consider the “zero-shot” setting from the shared task. For this setting,
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Language  Train Test
English 3327 916
Portuguese 1164 713
Galician 0 713

Table 4.2: The number of training and testing instances in the SemEval dataset.

the training data consists of English and Portuguese, while the test data includes
these languages and also Galician. In this thesis, we consider further cross-lingual
experiments in which a model is evaluated on expressions in a language which was not
observed during training. Since the nature of the experiments are cross-lingual, i.e,
the training and testing languages are different, they are also zero-shot experiments.
Specifically, we explore models that are trained on one of English or Portuguese.
We evaluate on the test dataset, and focus on results for languages that were not
observed during training (e.g., when training on English, we focus on results for
Portuguese and Galician). The train data has 4491 instances in total of which there
are 3327 English instances and 1164 Portuguese instances. The test data consists of
916, 713, and 713 English, Portuguese, and Galician instances, respectively. Table
4.2 contains the training and testing split of the SemFEval dataset. Since there are no
training instances in Galician while there are testing instances in Galician, we can
perform cross-lingual experiments where the model is trained on English, Portuguese

or both and tested on Galician.

4.1.2 PARSEME

For PARSEME 1.2 [78], the shared task dataset contains sentences with token-level
annotations for verbal MWEs (VMWEs). VMWEs are MWEs where, in their pro-
totypical form, the head of the expression is a verb. In this dataset, VMWEs are
in fourteen languages which are German (de), Greek (el), Basque (eu), French (fr),

Irish (ga), Hebrew (he), Hindi (hi), Italian (it), Polish (pl), Brazilian Portuguese
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Output * * * * 1:VID *
Input la médiocrité de I’insonorisation pose vraiment
Output 1 * * * * *
Input | probleme télévision , discussion
Output * * * * * *
Input vous entendrez tout ce qui
Output 2:IRV 2 * * *
Input se passe chez VoS voisins

Table 4.3: Example of an input for the PARSEME task dataset in french, where the
sentence has been lightly modified to make it more concise.

(pt), Romanian (ro), Swedish (sv), Turkish (tr), and Chinese (zh). In this task, the
model is expected to identify the verbal multiword expression in the test example
and also categorize it.

For example, in the given input, la médiocrité de l’insonorisation pose vraiment
vous entendrez tout ce qui se passe chez vos

probleme : télévision, discussion..

Table 4.3 shows the token-level input and the output for this input. *

VOISINS.
indicates the gold standard has not identified that particular token as a VMWE. In
this example, the gold standard indicates that pose probléme is a verbal idiom (VID)
and se passe is an inherently reflexive verb (IRV).

Compared to the previous editions of the PARSEME shared task, Chinese, Irish
and Swedish were newly introduced or significantly changed in PARSEME 1.2. This
edition also emphasized the evaluation on unseen MWEs and also redefined the
meaning of unseen VMWES;, to be the multiset of lemmas that are not annotated in
the train and dev datasets, as opposed to only in the train dataset as in PARSEME
1.1. Each language dataset contains approximately 300 unseen VMWEs. The data
for each language is divided into training, development and testing sets. Table

4.4 contains the training, development and testing split for the PARSEME dataset

among languages and an average over all languages.
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Language Train Dev  Test
German (de) 6568 602 1826
Greek (el) 17733 909 2805
Basque (eu) 4440 1418 5300
French (fr) 14377 1573 5011
Trish (ga) 257 322 1121
Hebrew (he) 14152 1254 3794
Hindi (hi) 282 289 1113
[talian (it) 10641 1202 3885
Polish (pl) 17731 1425 4391
Brazilian portuguese (pl) 23905 1976 6236
Romanian (ro) 10920 7714 38069
Swedish (sv) 1605 596 2103
Turkish (tr) 17945 1062 3304
Chinese (zh) 35326 1141 3462
Average 12563 1535 5887

Table 4.4: Number of training, development and testing examples in the PARSEME
dataset for each language and an average for all languages.

4.2 Experimental setup

In the initial SemEval shared task, the experiments were conducted only in a mul-
tilingual setting en+pt, i.e., models were trained on the available training data, and

then tested on the available testing data. For this thesis, we consider three additional

novel settings for this task:

1. en: All three language models (mnBERT, XLM-RoBERTa and mDeBERTa)

are trained on only English training data;

2. en_down: All three language models are trained on only English downsampled

training data;

3. pt: All three language models are trained on only Portuguese training data;

4. en+pt: All three language models are trained on all available training data;

for both English and Portuguese.
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In the first setting, we only train on English data. Since we only train on English
data, when we test on Portuguese, or when we test on Galician data, this becomes a
cross-lingual task where the models are evaluated on expressions in a language that
was unseen during training. This helps us in answering our first research question
by creating a cross-lingual setup to evaluate whether models are able to learn in-
formation about idiomaticity that is not language-specific. In the second setting,
we only train on English data but that has been downsampled, i.e., the number of
training instances in this setting is the same as the Portuguese training data. We
do this to investigate whether the frequency of training data has a higher impact on
model performance compared to the language, i.e., when we reduce the the number
of training instances in English to the number of training instances in Portuguese,
we check whether the model produces similar results as trained only on Portuguese
data. Similar to the first setting, in the third setting, we only train on Portuguese
data. Hence, when we test on English or on Galician data, this becomes a cross-
lingual task. Similar to the first setting, it helps us in answering our first research
question. Lastly, in the fourth setting, when we train on all available training data
and test on Galician data, this becomes a cross-lingual task.

In the initial PARSEME shared task, experiments were conducted in a monolingual
setting, i.e., models were trained on the training set for a particular language, and
then tested on the same language. For this thesis, we consider further multilingual

and cross-lingual settings.

1. Mono: We train a multilingual model on one language and test on the same

language. We do this separately for each language.

2. All: We train a single multilingual model on the concatenation of the train-
ing data for all languages, and then test on each language. This helps us
in answering our second research question by creating a setup that leverages

training data from other languages and evaluates whether our models can use
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this additional training data to improve performance of idiomaticity detection.

3. Heldout: For each language, a multilingual model is trained on training data
from all other languages, and is then tested on that language that was held
out during training. We again do this separately for each of the fourteen
languages. This helps us in answering our first research question by creating
a cross-lingual setup to evaluate whether models are able to learn information

about idiomaticity that is not language-specific.

4.3 Implementation and parameter settings

We use Huggingface [110] implementations of mBERT, XLM-RoBERTa and mDe-
BERTa. Specifically, we use the bert-base-multilingual-cased implementation for
mBERT, zlm-roberta-base implementation for XLM-RoBERTa and mdeberta-v3-base
implementation for mDEBERTa. mBERT is pre-trained on the 104 languages with
the largest Wikipedias. It contains 12 hidden layers and has a hidden size of 768.
Each attention layer of mBERT has 12 attention heads while the model has 110 mil-
lion parameters overall. XLM-RoBERTa and mDeBERTa are pre-trained on 2.5TB
of CommonCrawl data covering 100 languages. XLM-RoBERTa is trained on the
same architecture as BERT-base but has 270 million parameters [21] and also has a
larger vocabulary size. mDeBERTa contains 12 hidden layers and has a hidden size
of 768. It has 80 million backbone parameters with a vocabulary size of 250k and also
has 190M million parameters in the embedding layer [37]. We use mBERT, mDe-
BERTa and XLM-RoBERTa for the SemFEval task and mBERT for the PARSEME
task. MTLB-STRUCT [100] system, which we use in the PARSEME task, was im-
plemented using mBERT. Due to time constraints of training the system multiple
times in the mono and heldout settings, we decided to restrict ourselves to using

only mBERT in the PARSEME shared task.
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For the SemEval task, since the gold standard for the test data was not publicly
available when we conducted our experiments, we upload our models’ predictions to
the competition website to obtain results over the test data.

For the MTLB-STRUCT system for the PARSEME task, we use the “multi-task”
setting, where the loss of the model is back-propagated based on learning of MWE
and dependency parse tags [101]. For both the multilingual and cross-lingual settings
(described in Section 4.2), we use the default parameter settings of MTLB-STRUCT,
where the number of epochs is 10 and the batch size is 3 x 1072,

While we use existing systems to answer our research questions, we implement novel
cross-lingual and multilingual setups for each of the experiments to answer our re-
search questions. We also implement a baseline for each task to compare it with our
cross-lingual setup to see if models are able to learn information about idiomaticity

that is not language specific.

4.4 Evaluation metrics

For the SemEval task, the classes are imbalanced. In addition to there being more
English examples than Portuguese, there also more idiomatic instances compared
to literal instances in the training data as described in Section 4.1.1. We therefore
follow the shared task and evaluate using macro-average F1 score which is the macro
averaged harmonic mean of the precision and recall for each class.

For the PARSEME task, we also use the shared task evaluation metrics: global
token-based F1 score, global MWE-based F1 score, and unseen MWE-based F1
score. The global token-based evaluation measures the precision and recall of the
predicted VMWE boundaries. The global MWE-based evaluation measures the pre-
cision and recall of complete VMWEs, including their type (e.g., LVC, VPC). The

unseen MWE-based evaluation considers only VMWESs that are not observed in the
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training (or development) data. Note that in the case of cross-lingual experiments in
the heldout setting, in which systems are evaluated on expressions in a language that
was not observed during training, all test expressions are unseen during training.

For both tasks we compare against a most-frequent class baseline. For the PARSEME
task, for each language, we label each token as the most-frequent class of VMWE

observed in the training data for that language.
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Chapter 5

Results

Here we present results on the SemEval (Section 5.1) and then PARSEME (Section

5.2) tasks.

5.1 SemkEval

Results are shown in Table 5.1 for the SemEval task, where the results are rounded
to 3 decimal places. We focus on cross-lingual settings, i.e., when the model is tested
on a different language than it is trained on.

When testing on English, and training on Portuguese, each model improves over the
most-frequent class baseline, although the difference is quite small for mBERT. When
testing on Portuguese, and training on English, the findings are similar in that all
models again improve over the baseline. It is also interesting to note that for mBERT
and RoBERTa, results for training on English and testing on Portuguese are in fact
higher than for training and testing on Portuguese. This could be due to the larger
number of training instances for English compared to Portuguese (section 4.1). When
testing on Galician, results for models trained on English do not improve over the
baseline. Models trained on Portuguese perform better than those trained on English,

and show small improvements over the baseline. Despite differences in training data
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Test
en pt gl ALL
en 0.717 0.583 0.420 0.587
en_down 0.680 0.570 0.467 0.584

Model Train

mBERT pt 0.355 0.578 0.478 0.482
entpt  0.700 0.662 0.550 0.665

en  0.697 0590 0.390 0.571

en.down 0.658 0.5435 0.387 0.541

RoBERTa pt  0.555 0.553 0.440 0.531
entpt  0.706  0.668 0.526 0.651

en  0.700 0523 0.304 0.526

en.down 0.700 0.548 0.427 0.536
mDeBER T —— e 0567 0.499 0.556
entpt  0.720 0.644 0.495 0.635

Baseline 0.345 0.391 0.434 0.389

Table 5.1: Macro-average F'1 score for each model, training and testing on the indi-
cated language(s). Results for a most-frequent class baseline are also shown.

size for English and Portuguese, models trained on Portuguese could perform better
on Galician than those trained on English because Portuguese and Galician are both
Romance languages. Training on the concatenation of the English and Portuguese
training data gives the best results on Galician, and improves over the results for
models trained on only Portuguese for mBERT and RoBERTa. This finding suggests
that models for predicting idiomaticity can be improved with additional training data
from other languages.

To understand if there is any influence of training size in the cross-lingual experi-
ments, we performed downsampled experiments on the English training data. As
noted in Table 4.2, there are more training instances in English compared to Por-
tuguese. Hence, we reduced the training size of the English only data to the size of
the Portuguese size and trained our models again, resulting in 1164 training instances
compared to 3327 as in the original en setting. These training instances in the un-
dersampled dataset were sampled randomly. Results of these experiments are shown
in Table 5.1, where under each model, the setting en_down contains the results. For

mBERT, overall performance dropped as expected but not substantially. Similarly,
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for RoBERTa, there is a drop in performance when the data is downsampled. In-
terestingly, for mDeBERTa, there is an overall increase in performance, particularly
when tested on Galician data. This shows that the frequency of training data among
languages does not a have substantial impact on model performance. This differs
from our previous result about adding training data to improve model performance
in predicting idiomaticity as the previous result discusses about adding data from
different languages while this observation relates to having more training instances
in the same language. This indicates that diversity among languages in the training
data improves model performance compared to the volume of training data.

Overall, these findings indicate that the models are able to learn information about
idiomaticity that is not language-specific, answering our first research question. We
show that our models learn information about idiomaticity when trained on one or
more languages and use that information when tested on instances from a differ-
ent language. This can be particularly useful in cases involving low-resource lan-
guages. In low-resource languages where there is little training data compared to
high-resource languages, we can apply our novel cross-lingual setup to learn informa-
tion about idiomaticity from high-resource languages such as English or Portuguese
and test them on expressions from low-resource languages such as Galician. These

findings are in line with those of [27].

5.2 PARSEME

Results on the PARSEME task are shown in Table 5.2, where the results are again
rounded to 3 decimal places. The monolingual approach (“Mono” in 5.2) is our
reproduction of the MTLB-STRUCT system on the shared task. In this setting, a
monolingual model is trained and tested on each language. In the “all” setting, a

model is trained on the concatenation of the training data for all languages. For
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Language Setting MWE Token Unseen
Mono 0.699 0.734  0.398
DE All 0.729 0.738  0.434
Heldout 0.269  0.423  0.207
Mono 0.732  0.776  0.420
EL All 0.743 0.776  0.423
Heldout  0.407  0.415 0.147
Mono 0.804 0.832 0.346
EU All 0.815 0.839  0.380
Heldout 0.194  0.258 0.112
Mono 0.802 0.830  0.431
FR All 0.797  0.825 0.437
Heldout 0.501  0.560  0.196
Mono 0.311  0.465 0.210
GA All 0.422 0483  0.301
Heldout 0.111  0.133  0.069
Mono 0.482 0.527  0.215
HE All 0.491 0.536  0.219
Heldout 0.141  0.146  0.064
Mono 0.729  0.785 0.504
HI All 0.759  0.796  0.549
Heldout 0.376  0.452 0.278
Mono 0.632 0.673  0.227
1T All 0.618 0.656  0.200
Heldout 0.376  0.437  0.160
Mono 0.815 0.826  0.400
PL All 0.808 0.815 0.380
Heldout 0.361  0.382 0.144
Mono 0.736  0.758  0.358
PT All 0.807 0.821 0.397
Heldout 0.48  0.500  0.183
Mono 0.903 0.908  0.299
RO All 0.898 0.900  0.275
Heldout 0.481  0.502 0.092
Mono 0.721  0.731 0.425
SV All 0.769  0.751 0.467
Heldout 0.303 0.413  0.215
Mono 0.701° 0.716  0.430
TR All 0.708 0.718  0.457
Heldout 0.394 0.416  0.189
Mono 0.696  0.725 0.605
ZH All 0.705  0.732 0.618
Heldout 0.121  0.188 0.148
Mono 0.699 0.738  0.380
All 0.722  0.746  0.400
Heldout 0.331  0.381 0.169
Baseline 0.002  0.067  0.001

Average

Table 5.2: MWE-based, token-based, and unseen F1 score for the monolingual
(mono), “all”, and “heldout”, experimental settings, for each language. The “Aver-
age” across languages is also calculated.
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Category  Frequency Mono All Heldout

IRV 11571 0.6945 0.7188 0.3135
LVC.cause 1809 0.3965 0.4429 0.0994
LVC.full 24574 0.6392 0.6661  0.3495
VID 18553 0.5147 0.5335 0.2320
VPC.full 3018 0.5799 0.5825  0.0565
VPC.semi 4204 0.4363 0.4712  0.0052
MVC 4057 0.4707 0.4853  0.0000
IAV 680 0.4929 0.5408  0.0000
LS.ICV 37 0.0000 0.0000  0.0000

Table 5.3: Frequency of each category and per-category MWE-based F1 score across
languages which have instances of these categories.

“heldout”, for a given target language, a model is trained on all other languages,
and then evaluated on the target language, which was held out during training.
When calculating the unseen MWE-based F1 score (“Unseen” in Table 5.2), for each
setting, we report results over the instances that are unseen based on the monolingual
training and development data. This enables comparisons between settings for this
evaluation metric. However, in the heldout setting, all test instances are in fact
unseen during training.

For each of the three evaluation metrics, we see that the average F1 score for the
“all” setting is higher than that for the monolingual setting. This indicates that
information from other languages can be leveraged to give improvements over a
monolingual approach, answering our second research question. This is inline with
the findings on the SemEval task from Section 5.1. We also see that, for all languages,
and all evaluation metrics, the F1 score for the heldout setting is less than that for
the monolingual setting. This is perhaps unsurprising; a model that has access to
language-specific training data is able to outperform one that does not. However,
the results in the heldout setting are higher than the baseline on average as shown
in Table 5.2. This indicates that models are able to learn information about MWHEs

that is not language specific. Again, this can be particularly useful in cases involving
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low-resource languages. This is again inline with the findings on the SemEval task
from Section 5.1 and the findings of [27].

To better understand the performance in the heldout setting, we report results for
each category of VMWE in Table 5.3, where the results are rounded to four decimal
places. The best results for the heldout setting are for (full) light-verb constructions
(LVC.full), inherently-reflexive verbs (IRV), and verbal idioms (VID). Although not
all languages have instances of all of these categories, they are by far the most
frequent categories of VMWESs in the PARSEME 1.2 data [78], which could be why

the model performs relatively well on these categories in the heldout setting.
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Chapter 6

Conclusions

Multiword expressions are difficult to identify due to them exhibiting idiomatic-
ity. Knowledge of MWEs is important for downstream NLP tasks such as machine
translation and sentiment analysis. While a lot of work has focused on monolingual
settings, little work has been on cross-lingual “zero-shot” settings. In this thesis,
we considered new cross-lingual settings for the SemEval 2022 task 2 subtask A and
PARSEME 1.2 shared tasks, in which models are evaluated on languages that are not
seen during training. We also explored if adding additional training data from other
languages improves model performance. The first research question is Can models
for automatically predicting idiomaticity generalize to MWEs in a different language
that was not seen during training? Our findings indicate that language models are
able to learn information about MWEs and idiomaticity that is not language-specific.
The heldout setting in Table 5.2 shows that the models outperform our baseline in a
cross-lingual setup thereby showing that models are able to learn information about
idiomaticity in one language and apply it to other languages. This can also be
seen in Table 5.1 where in multiple settings; the models outperform the baseline
implemented. This can be particularly useful when low-resource languages are in-

volved. We can use training data from high-resource languages to learn information
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about idiomaticity and use it to identify and classify expressions in low-resource lan-
guages. The second research question is Can data from other languages be leveraged
to improve performance of idiomaticity detection?. We considered new multilingual
settings for the PARSEME 1.2 shared task where data from other languages was
combined. Our findings show that additional training data from other languages can
be leveraged to give improvements over monolingual models for identifying MWEs
and predicting idiomaticity. This is highlighted in the all setting in Table 5.2, where
the average across each of the settings is the highest for the all setting over others
and, in particular, is higher than the monolingual setting. This is also highlighted in
the SemEval shared task where the en+pt setting in Table 5.1 has the best results
compared to the other settings, which only train on one of English or Portuguese, for
all the models. This can be useful for improving the performance of a monolingual
system by incorporating additional training data from other languages.

The contributions of this thesis are highlighted as follows:
1. Proposed novel cross-lingual setups for the PARSEME and SemEval tasks.

2. Showed that models in a cross-lingual setting outperform baselines, demon-
strating that models for predicting idiomaticity can generalize to MWEs in

languages that were unseen during training.

3. Demonstrated that models can leverage additional training data from other
languages to improve model performance by concatenating the training data

in the other languages. This improves over initial monolingual settings.

For future work, we can explore several different avenues. We intend to consider more
powerful multilingual language models for PARSEME 1.2 (e.g., XLM-RoBERTa,
mDeBERTa). Also, we use only the base versions of mBERT and XLM-RoBERTa.
Instead, we can use larger versions of mBERT and XLM-RoBERTa as shown in [16]

that could improve the performance of our systems. There is also scope for hyper-
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parameter optimization such as in number of epochs, the batch size and the learning
rate for the PARSEME task.

We also intend to test our cross-lingual setting on the very recent PARSEME 1.3
shared task [86]. This edition contains multiple changes over PARSEME 1.2. Tt
introduces new languages, Arabic and Serbian. It also enlarges the Chinese, Greek
and Swedish datasets by adding more instances. Certain langauges such as Croatian
and Romanian also have improvements by adding sentences that contained types of
MWE were not previously included, such as inherently adpositional verbs (IAVs).
PARSEME 1.3 also provides new annotations for certain languages to improve qual-
ity.

Another interesting line of work we can pursue is to see how much context affects
the model’s performance in a cross-lingual setting. [16] showed that while fine-
tuning their models in the SemEval shared task, not adding the context, i.e., not
including the previous and the next sentences, led to an improvement in the model
performance. We could also remove the context while fine-tuning the model thereby
decreasing the training time and potentially improving the performance on classifi-
cation of unseen VMWEs.

As of recently, there has been an increase in large language models with billions of
parameters such as GPT-3 [13] and BLOOMZ [89]. These models have shown to have
state-of-the-art performance in cross-lingual tasks such as machine translation [116].
We would like to evaluate these models to see if they can also capture information
about idiomaticity in a cross-lingual setting.

Another line of work we can pursue is the use of prompt-based learning [55] for
idiomaticity prediction and identifying MWEs, where given an input z, the input is
transformed into a sentence ' using an existing template or ‘prompt’ with empty
slots. The model predicts the word with the highest probability in the empty slots

and compares it with the actual word that needs to be filled in. This can be especially
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useful when there is no supervised training data.
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