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Abstract

Token-level multiword expression (MWE) identification and idiomaticity prediction
remain major challenges in natural language processing, demanding sophisticated
approaches to address non-compositional meanings and idiosyncratic syntactic be-
haviors. These tasks involve identifying idiomatic expressions at the level of indi-
vidual tokens, allowing systems to distinguish figurative from literal usages. This
thesis explores cross-lingual MWE identification using the PARSEME 1.2 shared
task dataset and idiomaticity prediction on the SemEval 2022 Task 2 dataset, where
models are evaluated on unseen languages. We employ larger multilingual masked
language models (MLMs), e.g., XLM-R and mT5, than previous work [137], which
used supervised fine-tuning, and larger autoregressive models, e.g., GPT-40, which
previous work on these tasks have not considered. We adopted supervised fine-tuning
of MLMs and autoregressive models and applied a prompt-based approach to au-
toregressive models. Our findings indicate that larger MLMs do not outperform the
Swaminathan and Cook [137] results for the SemEval and PARSEME tasks, but that

supervised fine-tuning of autoregressive models does.
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Chapter 1

Introduction

Natural Language Processing (NLP) is a branch of artificial intelligence that allows
machines to understand, generate, and communicate with human language using
computational and linguistic techniques [69]. Common uses of NLP applications

include question answering, machine translation, classification, and summarization

[42].

Rule-based techniques that generally use hand-crafted grammars and syntax rules
are widely adopted in earlier NLP research [124], such as machine translation [20].
However, probabilistic models and machine learning techniques have made progress
by learning from large datasets [90]. The advancement in neural networks [47],
especially word embedding techniques such as Word2Vec [92] and GloVe [101], im-
proved text representation by better capturing semantic relationships. Moreover,
the introduction of transformer architectures [144] that use self-attention mecha-
nisms enabled systems to capture context more effectively across sequences. This
advancement has enabled the large-scale development of language models, such as
bidirectional encoder representations from transformers (BERT) [35] and generative

pre-trained transformers (GPT) [109]. These models have significantly improved



performance in various NLP tasks, including text classification, machine transla-
tion, summarization, and question answering [42]. This development demonstrates
that increased data availability, growing model complexity, and improved computa-
tional power have advanced NLP [47]. Despite these advancements, NLP still has to
deal with challenges that include context-dependent meaning, ambiguity, and low-
resource languages.! To address these issues, researchers have considered transfer

learning and multilingual pretraining techniques [29].

Multiword expressions (MWESs) are word sequences that function as single units and
possess unique linguistic properties that extend beyond compositional interpreta-
tions [123, 9]. MWEs cover a wide range of linguistic phenomena, such as idioms
(e.g., kick the bucket), collocations (e.g., coffee filter), verb-particle constructions
(e.g., break out), compound nouns (e.g., bus stop), and fixed phrases (e.g., by and
large). The early approaches relied on hand-crafted lexicons and linguistic rules for
the identification of MWEs [123], which were effective, however, these approaches
required extensive manual labor to develop and maintain [32]. Later, statistical tech-
niques were developed that used frequency-based metrics to identify MWEs, such as
log-likelihood ratio and pointwise mutual information [38, 100]. The representation
of MWEs in language resources has been improved by developing specialized lexicons
and annotated corpora [145], such as treebanks [119]. Recent advances leverage deep
learning models, such as BERT and ELMo, which incorporate contextual embeddings

to improve the identification and prediction of MWEs [146].

MWZEs pose challenges for several downstream NLP tasks because of their noncom-
positional meanings, irregular syntactic structures, and unpredictable usage patterns
that cannot be directly determined from their component words [123]. MWEs may

vary through inflection (e.g., give up — given up), changes in word order (e.g., the

Low-resource language is defined by limited linguistic resources such as annotated data for
various downstream NLP tasks.



meeting was called off — they called the meeting off ), or idiomaticity (e.g., kick the
bucket — ‘to die’), which makes standard parsing and machine translation techniques
ineffective [9]. For example, the phrase kick the bucket can be understood literally
by combining the meanings of kick, the, and bucket, suggesting the action of ‘kicking
a bucket’. However, in an idiomatic context, kick the bucket has a different mean-
ing, referring to ‘to die’. Moreover, MWEs are difficult to interpret since they are
context-dependent and their meanings might change depending on the surrounding

text [112].

Token-level MWE identification involves labeling individual tokens or words within
a text to determine whether they are part of an MWE [127, 45], which addresses the
challenges of syntactic flexibility and diversity in these expressions. Based on their
structure, MWEs can be categorized into various types [123], including light verb con-
structions (LVCs), where the verb is semantically bleached and often the expression
means roughly the meaning as the verb (such as take a nap), verb-particle construc-
tions (VPCs), which consist of a verb and a particle that modifies the meaning (such
as look up), and noun compounds (NCs), where two or more nouns create a specific
meaning (such as coffee cup). Many MWESs have idiomatic meanings that cannot be
extracted from their individual words. Idiomaticity prediction leverages contextual
information to distinguish whether a phrase is used literally or idiomatically [54].
MWESs can break standard compositional rules and show context-dependent syntac-
tic or semantic behavior. Therefore, both token-level identification and idiomaticity

prediction require advanced computational models.

Most MWE identification datasets are in English, while a few datasets are available
in other languages such as Portuguese [34] and German [128]. To facilitate multilin-
gual research, datasets such as PARSEME [127, 114, 115, 125] have recently been
developed. Moreover, a multilingual dataset for idiomaticity prediction was recently

developed in the SemEval 2022 Task 2 to support idiomaticity research [142]. We



used the datasets from SemEval 2022 Task 2 Subtask A and the PARSEME 1.2 edi-
tion to study idiomaticity prediction and MWE identification in this thesis. SemEval
2022 Task 2 Subtask A focuses on multilingual idiomaticity prediction that requires
participants to distinguish instances of idiomatic expressions from literal ones across
various languages using contextual information [142]. This promotes the develop-
ment of cross-lingual and context-sensitive techniques, emphasizing the complexities
of idiomatic expressions that can change meaning depending on cultural, linguistic,
and situational factors. The PARSEME 1.2 shared tasks focus on token-level iden-
tification of verbal multiword expressions (VMWEs), extending earlier PARSEME
tasks with enriched annotation guidelines and larger datasets for various languages
[115]. Both endeavors are particularly significant because they address linguistic
challenges such as semantic non-compositionality, syntactic variability, and the com-

plexities of multilingual and cross-lingual analysis, which remain open problems in

NLP.

MWE identification and idiomaticity prediction address the challenge of detecting
MWZEs and determining their meanings. In cross-lingual MWE identification and id-
iomaticity prediction, models are trained on one or more source languages to identify
and interpret MWEs and idiomatic expressions in a target language, which is often
low-resource [30, 41, 126]. This approach effectively generalizes linguistic information
from resource-rich languages to low-resource languages by using multilingual knowl-
edge transfer [141, 135] through sophisticated models such as multilingual BERT and
XLM-R. Cross-lingual research is crucial for tasks like sentiment analysis and ma-
chine translation, where handling idioms or non-compositional words is important to
preserve meaning across languages [9]. This approach could help to improve linguis-
tic diversity, promote knowledge sharing, and significantly enhance the accessibility

and equity of language technologies worldwide.

The study of Swaminathan and Cook [137] focused on cross-lingual MWE identifica-



tion and idiomaticity prediction using multilingual masked language models (MLMs).
Their study showed that language models (such as multilingual BERT, XLM-R, and
RoBERTa) can learn idiomaticity and MWE information from languages that are
not seen during training. Furthermore, incorporating training data from other lan-
guages improves the overall performance of the models. [25] demonstrated that
larger models could improve performance. Inspired by this, we aim to investigate
whether larger MLMs (e.g., XLM-R-large) and autoregressive models (e.g., GPT-40)
can further improve performance on the SemEval and PARSEME tasks, particularly
in cross-lingual settings. These models are trained on large multilingual corpora,
which could be effective in MWE identification and idiomaticity prediction across
the languages. In this study, we primarily explore two research questions (RQs) and

two subquestions for the second question, as follows:

RQ1: Do larger MLMs outperform the approach of Swaminathan and Cook [137]

in cross-lingual settings?

RQ2: Do larger autoregressive models outperform the approach of Swaminathan

and Cook in cross-lingual settings?

RQ2.1: Does the prompting-based approach of the large autoregressive models
outperform the approach of Swaminathan and Cook in cross-lingual set-

tings?

RQ2.2: Does supervised fine-tuning of larger autoregressive models outperform

the approach of Swaminathan and Cook in cross-lingual settings?

To perform this study, we used data from “Subtask A” of “SemEval 2022 Task
2: Multilingual Idiomaticity Detection and Sentence Embedding” and PARSEME
edition 1.2 [115] on semi-supervised identification of verbal multiword expressions.
We conduct experiments using XLM-R-large and mT5-base to address RQ1. The

results in Chapter 5 indicate that larger masked language models for the SemEval
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task could not consistently perform better than the approach of Swaminathan and
Cook. Similarly, larger MLMs could not perform better on the PARSEME task.
To address RQ2, RQ2.1, and RQ2.2, we choose GPT-40 and GPT-40-mini for the
autoregressive models. Our findings show that the prompting-based approach of-
ten performs better than the approach of Swaminathan and Cook on the SemEval
task using GPT-40, but not using GPT-40-mini. However, supervised fine-tuning of
both autoregressive models performs better than the approach of Swaminathan and
Cook in most cases on this task. The prompting-based approach for the PARSEME
task could not perform better than the approach of Swaminathan and Cook. How-
ever, supervised fine-tuning of large autoregressive models does perform better than

Swaminathan and Cook in this task.

The main contributions of this thesis are as follows:

e We evaluated fine-tuned larger MLMs such as XLM-R-large and multilingual

T5 compared to the study of Swaminathan and Cook [137].

e We developed prompts for SemEval and PARSEME tasks and evaluated

prompting-based approach for autoregressive models without training.

o We prepared instruction-following datasets to apply and evaluate supervised

finetuning of GPT-40 and GPT-40-mini.

The thesis is structured as follows. Chapter 2 provides a detailed background on
language models, focusing on masked language models and autoregressive models,
and multiword expressions. Chapter 3 describes the models that we used in this
study. We discuss the datasets, experimental setup, implementation details, parame-
ter settings, supervised fine-tuning and prompting-based approach for autoregressive
models, and evaluation metrics in Chapter 4. Chapter 5 presents and discusses the

results and compares them with the Swaminathan and Cook [137] results. Finally,



we conclude by summarizing key findings and providing potential future research

directions in Chapter 6.



Chapter 2

Related Work

This chapter discusses the prior research on language models (LMs). We explore
the transformer architecture and transformer-based masked LMs, such as XLM-
RoBERTa. We further explore transformer-based autoregressive models such as
generative pretrained transformer (GPT) models, e.g., GPT-40 and GPT-40-mini.
We then continue exploring multi-word expressions (MWESs), their challenges for
natural language processing (NLP), and the types of NLP research that have been
done in the past for MWEs. Finally, we conclude this chapter by discussing the
previous research on the prediction of cross-lingual idiomaticity and emphasizing

the cross-lingual token-level identification of MWEs.

2.1 Language Models

Language models have evolved from statistical techniques to large scale generative
models using deep learning-based architectures such as recurrent neural networks and
transformers. This section reviews key developments in language modeling, focusing

on autoregressive models, transformers, GPT, masked LMs, and fine-tuning these



models.

2.1.1 Historical Development of Language Models

Language models (LMs) are one of the fundamental components of NLP that en-
able machines to understand, generate, and summarize natural languages. These
models have seen substantial development, advancing from simple n-gram models
to state-of-the-art deep learning architectures such as transformers. Early studies
on language models were based on statistical methods that included n-grams, hid-
den Markov models, and rule-based methods. N-gram models, which often encounter
problems with data sparsity and an inability to capture long-range dependencies, use
conditional probability to calculate the likelihood of word sequences [16]. Long-range
dependencies refer to relationships between elements in a sequence that are far apart,
and in tasks like language processing and time-series analysis, models need to cap-
ture these dependencies to understand context effectively. The hidden Markov model
introduced latent variables for better sequence modeling but encountered issues in
capturing long-range dependencies [108]. Moreover, rule-based language models rely
on a set of predefined rules to make predictions. These models have been studied to
handle complex event processing and reasoning with the use of an expressive logic-
based technique [4]. However, rule-based methods struggle to adapt to changing

data and generalize to new scenarios [161].

In NLP, a “word” is typically a sequence of characters separated by spaces or punctu-
ation; however, defining a word can be complex due to variations in languages, con-
tractions (e.g., don’t), and compound words (e.g., New York). Traditional word rep-
resentation techniques, such as one-hot encoding and TF-IDF, are unable to capture
semantic relationships. The introduction of word embeddings, including Word2Vec

[91], GloVe [101], and fastText [14], revolutionized NLP by improving the encoding



of words in dense vector spaces that can capture semantic relationships. The use
of neural networks in NLP has significantly improved language modeling. Bengio
et al. [11] introduced a feedforward neural network to learn word embeddings and
predict the next word in a sequence, which outperforms traditional n-gram models.
However, the feedforward neural network often forgot the previous input because of
a fixed context size. The recurrent neural network (RNN), which can retain informa-
tion from previous inputs, was introduced in [122] to overcome this issue. However,
one issue with RNN-based models is the vanishing gradient problem [58], which oc-
curs when the gradient becomes insufficient to update the network’s hidden state as
the input size increases. The gradient is used in optimization problems to guide the
process of minimizing a loss or cost function. To overcome this issue, long short-
term memory [59] and gated recurrent units [26] were introduced, which incorporated
memory methods that allow only important information to be retained for sequential

data processing.

The study of Cho et al. [22] found that longer input sequences reduce RNN per-
formance compared to RNN models trained on shorter sequences. To overcome the
performance issue of RNN and understand context in longer sentences, Badhanau
et al. [7] introduced the attention mechanism. The attention mechanism allows the
model to focus on the relevant parts of the input data. Later, Luong et al. [88]
proposed an improved attention mechanism that incorporates both global attention,
which attends to (refers to a token looking at or drawing information from other
tokens) all source words by default, and local attention, which attends to a subset

of source words.

The breakthrough in language modeling came with the introduction of the Trans-
former architecture by Vaswani et al. [144]. Transformers use self-attention methods
(discussed in Section 2.1.3) to effectively capture contextual dependencies and adapt

internal parameters to focus on the most important words for each position. This
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breakthrough resulted in the development of large-scale language models such as
Bidirectional Encoder Representations from Transformers (BERT) [35], generative
pretrained transformer (GPT) [109, 110, 17], and Text-to-Text Transfer Transformer
[111]. Pretraining these models involves training on large text corpora using self-
supervised learning (discussed in Section 2.1.4), while fine-tuning adapts the model
for specific downstream tasks. BERT introduced bidirectional contextual learning,
improving performance on downstream NLP tasks, while GPT models employed

autoregressive generation to achieve state-of-the-art results in text generation.

2.1.2 Autoregressive Language Models

Autoregressive language models have become one of the fundamental foundations of
NLP and modern artificial intelligence. These models are more capable of generat-
ing text than masked language models by predicting one token at a time based on
the previous tokens,! making them very effective for various downstream NLP tasks,
such as text generation, translation, and summarization [17]. Autoregressive LMs
have developed substantially from simple statistical methods such as n-gram LMs
to complex deep learning architectures such as GPT. Autoregressive language mod-
els estimate the likelihood of a word sequence X by factoring the joint probability

distribution over tokens:

n n

P(X) =[] Plalwr, 22, oy mimr) = [ [ Planler) (2.1)

t=1 t=1

where the likelihood of each token z; depends on all tokens that came before it [17].

Although this sequential method allows for the generation of fluent text, it increases

ITokens are the individual units that result from tokenization, the process of breaking text into
smaller components; they can be words, subwords, or even characters, depending on the tokenization
approach. For example, in subword tokenization (used in models like BERT [35]), a single word
might be split into multiple tokens (e.g., “unhealthy” — [“un”, “healthy”]).

11



inference latency and limits parallelization.

Early autoregressive models, such as n-gram models [16] and hidden Markov models
[108], suffered from sparsity and limited contextual understanding.? These models
employed the Markov assumption, where a word’s likelihood was determined solely
by a limited history of prior words, resulting in a limited ability to capture long-range
dependencies. Neural network-based autoregressive language models, such as RNNs,
improved sequence modeling by capturing long-range dependencies [11]. Although
the recurrent structure of RNNs enabled sequential data processing, these models
struggled with vanishing gradient problems [58]. Long short-term memory networks
[59] and gated recurrent units [22] developed gating methods to limit information
flow, mitigate vanishing gradients, and improve context understanding. However,
these models have scalability issues because of their sequential nature, which makes

them inefficient for training on very large amounts of text.

The transformer model [144] led to major advances in autoregressive language models
by incorporating self-attention mechanisms, which enabled efficient parallel process-
ing while preserving contextual awareness. The addition of position-aware feedfor-
ward layers and multihead attention substantially improved the model’s ability to
learn dependencies across long-range sequences (details on transformer architecture,
self-attention mechanisms, and multihead attention are discussed in Section 2.1.3).
This led to the development of state-of-the-art autoregressive language models such
as GPT models [109, 110, 17]. GPT models use only autoregressive decoding to gen-
erate text. GPT-3 [17] showed remarkable zero- and few-shot learning capabilities,
particularly influencing downstream NLP tasks with the use of a causal self-attention
mechanism, where each token attends only to the previous input tokens, ensuring

an autoregressive, i.e., left-to-right, structure. Recent developments include GPT-

2Sparsity refers to the presence of a lot of zero values in a representation, meaning most elements
contain no meaningful information.
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4, which incorporates multimodal capabilities to enhance contextual knowledge and

reasoning [2].

2.1.3 Transformers

Transformers is a deep learning based architecture proposed by Vaswani et al. [144],
which fundamentally influenced the rapid advancement of NLP. Previously, recur-
rent neural networks (RNNs) and long short-term memory (LSTM) were widely
used for sequential modeling in neural networks. Transformers were proposed as an
alternative because of limitations of RNNs and LSTM, such as inefficiency in captur-
ing long-range dependencies and computational inefficiency in parallelization [7, 59].
Unlike earlier neural networks such as RNNs and LSTMs, transformers use attention
mechanisms extensively, which enables better processing of sequential data [144]. In
the transformer model, the input is encoded using multiple encoder blocks, while the
output is generated using multiple decoder blocks. The encoder efficiently captures
contextual information for each word while creating representations of the input.
This is accomplished by creating a fixed length context vector that summarizes the
encoded data. Then, the decoder leverages the encoder’s hidden state to produce the
output sequence. The attention mechanism is a key component of the transformer
architecture, which improves the model’s capacity to attend to the relevant parts of

the input when making predictions.

Figure 2.1 shows an encoder and decoder block of the transformer architecture. Both
the encoder and decoder are built using multiple identical layers, each containing
two primary sub-layers: a multi-head self-attention mechanism and a feedforward
network. Each sub-layer is followed by residual connections and layer normalization.
Although the conventional attention mechanism computes the hidden states using

the complete input sequence, self-attention also addresses various related positions

13
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Figure 2.1: Encoder and decoder representation of transformer architecture taken
from [144].

within the sequence, enabling the capture of word dependencies. For instance, in
the sentence “the cat sat on the mat because it was comfortable” when processing
the word “it”, the self-attention mechanism identifies that “it” refers to “the mat”
rather than “the cat”, by computing attention scores between words and capturing
dependencies across different positions.> Multi-head attention refers to the blocks
of attention layers found in transformers. Instead of computing a single attention
score, multi-head attention runs multiple attention operations in parallel, each with
different learned projections. This enables the model to capture various relationships

across positions in a sequence. The model can better capture the aforementioned

3 Attention scores are computed by calculating the similarity between a query vector and a set
of key vectors using a dot product.

14



dependencies in the input sequence with the aid of these attention blocks. The
attention blocks analyze the entire input sequence to identify the most relevant words
for each word in the sequence. The encoder processes inputs using self-attention

layers, while the decoder generates output using the same technique.

Transformers performed better than neural network models in tasks such as machine
translation [144]. Moreover, it improves performance on various downstream tasks
such as text classification [155, 160], image recognition [99, 56, 36], question answer-
ing [95, 147], text summarization [53, 75|, sequence labeling [18], and information
retrieval [43]. Since we used GPT and BERT models in this study which are both

based on transformers, we give a detailed description of these models.

2.1.4 GPT Models

GPT models have demonstrated substantial breakthroughs in artificial intelligence
(AI), particularly in NLP. These models, based on the transformer architecture in-
troduced by Vaswani et al. [144], have demonstrated remarkable capabilities in text
generation [159], question answering [116], and conversational Al [21]. GPT models
use self-supervised techniques in the pretraining stage, employing large-scale text

datasets to generate human-like text.

In 2018, OpenAl introduced GPT-1 as the first generative pretrained transformer
model to demonstrate the effectiveness of pretraining a transformer architecture on
large-scale text data and then fine-tuning it for specific tasks [109]. Unlike BERT
[35], which was bidirectional, GPT-1 was designed as a unidirectional (left-to-right)
transformer decoder and trained on the BookCorpus dataset [165] and fine-tuned
on specific NLP tasks, demonstrating the effectiveness of transfer learning in NLP.
This approach significantly reduced the need for large labeled datasets. Figure 2.2

shows the GPT architecture, which uses a masked multi self-attention layer and a

15



feedforward network layer. Masked multi self-attention enables models to capture
contextual relationships by allowing words to attend selectively to other words, with
masking restricting future word access in GPT. Each layer is followed by residual
connections and layer normalization. GPT-2 was developed based on its predecessor
by increasing the model size to 1.5 billion parameters [110]. GPT-2 demonstrated
zero-shot capabilities, performing tasks on which it was not explicitly trained. GPT-
3 was introduced in 2020, which expanded the scale and complexity of the model
(for example, expanding to 175 billion parameters from 1.5 billion and training on a
diverse corpus of 570GB of text data using 96 attention layers) to achieve remark-
able improvements in text generation and comprehension [17]. GPT-3 employs a
self-supervised pretraining strategy to predict next-word tokens in vast amounts of
unlabeled text, demonstrating remarkable ability on zero-shot, one-shot, and few-
shot learning scenarios compared to earlier models. In self-supervised learning, the

model learns from unlabeled data by creating its own supervision signals. GPT-3

Text Task
Prediction | Classifier

i

Layer Norm

-

Feed Forward

A

12x —

Layer Norm

Masked Multi
Self Attention
A

Text & Position Embed

Figure 2.2: GPT architecture taken from [109] which only uses the transformer
decoder and training objectives.

16



can perform tasks with instructions or with a few examples in its contexts without

supervised fine-tuning (discussed in Section 2.1.5 below).

GPT-4 is a recent development that demonstrates significant improvements in per-
formance, reasoning capabilities, and accuracy (claim of OpenAl [2]). This model
incorporates multimodal abilities and is capable of accepting both textual and visual
inputs. Moreover, GPT-4 improved the ability to address limitations of GPT-3, in-
cluding context-sensitive errors, hallucinations, and limited multimodal understand-
ing [2]. Although specific architectural details and model size have not been fully
disclosed, GPT-4 uses the transformer decoder-based model with improved optimiza-
tions, extended context length, and substantial fine-tuning through reinforcement

learning with human feedback.

2.1.5 Fine-tuning GPT Models

Pretrained language models such as GPT and BERT are initially trained on vast
text corpora in a self-supervised manner. However, fine-tuning is needed for specific
applications such as question answering, text summarization, and sentiment anal-
ysis, where models are trained on task-specific datasets using supervised learning.
Fine-tuning improves model accuracy, reduces bias, and improves response quality
in specific contexts [61]. Supervised fine-tuning is the process of adapting a pre-
trained model to a specific task by training it on labeled data. The process starts
with a general model that has been trained on a large dataset, such as BERT for
language understanding or GPT for text generation. The model is then given a
task-specific dataset in which each input is paired with the correct output, allowing
it to learn through supervised learning. During fine-tuning, the model’s weights are
adapted using optimization techniques such as backpropagation to minimize errors

and improve accuracy. Radford et al. [109] demonstrated the potential of supervised
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fine-tuning in combination with self-supervised pretraining, developing a system that
uses vast amounts of data to learn language representations. The size of the models
has increased with the development of GPT-2 [110], GPT-3 [17], and GPT-4 [2],

improving their capacity for language generation and understanding [93].

Early methods investigated comprehensive model fine-tuning, in which supervisory
signals are used to update the entire network [157]. Although this approach is
efficient for small models, it is computationally costly, especially when dealing with
models that have billions of parameters, and it raises the possibility of overfitting
when the target dataset is small [111]. To address these difficulties, researchers
have developed parameter-efficient fine-tuning techniques. Notably, adapter-based
fine-tuning [60] involves preserving most of the model’s pretrained parameters while
adding small bottleneck layers inside each transformer block. Li and Lian et al. [82]
presented prompt tuning, another well-known technique where learnable prompt
embeddings are used to condition the model’s behavior, allowing task adaptation
without substantial changes to the model’s underlying architecture. Similarly, Hu et
al. [62] presented low-rank adaptation, which efficiently fine-tunes models with few

parameter changes by breaking down weight updates into low-rank matrices.

Optimization strategies that enable stable model convergence during fine-tuning have
recently been extensively studied. Regularization techniques like weight decay [85]
and dropout [133] have been important in reducing overfitting and improving the
model’s generalization capabilities. Moreover, the use of sophisticated optimizers
such as AdamW improved fine-tuning stability even when models are adapted to do-
mains that differ greatly from pretraining data [50]. Hinton et al. [57] use knowledge
distillation, in which a smaller student model is trained from a fine-tuned teacher
model to reduce computational cost. Researchers use augmentation approaches such
as back-translation, which uses machine translation to generate paraphrased training

examples, to address data scarcity in supervised fine-tuning [129]. GPT models are
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used to generate synthetic data, which adds artificial training samples to the origi-
nal data [3]. Supervised fine-tuning has enabled significant advancement in multiple
areas, such as classification [138, 134], generation [81], and conversation [163]. Su-
pervised fine-tuning is an important step in adapting GPT-like models to real-world
scenarios. Developing parameter-efficient tuning methods, including self-supervised
learning, and reducing bias (such as balancing among labels) in labeled datasets are

the three main goals of future research to improve the efficiency of fine-tuning [52].

2.1.6 Masked LMs

Pretrained language models have advanced significantly in the last few years in the
field of NLP. Early work in this field, such as ELMo [102] and generative models like
GPT [109], paved the way by capturing contextual dependencies in text. However,
the introduction of Masked Language Models (MLMs) such as BERT [35] resulted
in a paradigm change. Unlike autoregressive models that generate text sequentially,
MLMs use bidirectional context by randomly masking portions of the input and
predicting the masked tokens. This technique promotes a more in-depth knowledge
of language structure and semantic nuances [153] and has become the foundation
for many subsequent innovations in language modeling. Moreover, this technique,
first popularized by BERT [35], has proven useful in various downstream NLP tasks,
including text classification [44, 134], named entity recognition [136], and question

answering [154].

Early versions of BERT used WordPiece tokenization [132], which divides words
into subword units to mitigate out-of-vocabulary problems. Later models investi-
gated byte-pair encoding [130] and SentencePiece [74], which is language indepen-
dent subword tokenizer, improves language coverage and fine-grained representation

of subword units. The choice of tokenization directly impacts the model’s ability
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to learn semantic relationships, particularly in morphologically rich or low-resource

languages.

BERT’s training process consists of two major stages: pretraining and fine-tuning.
The pretraining phase is self-supervised, indicating that it does not require labeled
data. However, it is based on two main goals: masked language modeling and next
sentence prediction. MLMSs primarily rely on the transformer architecture [144],
which leverages self-attention mechanisms to model complex dependencies across all
tokens in a sequence. In MLM training, a fixed percentage (typically 15%) of tokens
is selected for masking. During pretraining, a token is either replaced by a special
[MASK] token, substituted with a random token, or left unchanged, a strategy that
introduces noise and encourages robust contextual learning [35]. This strategy is
essential to prevent overfitting to fixed masked positions and enable the model to

learn a more general language representation.

The second goal, next sentence prediction, entails training BERT to determine
whether a given sentence pair is sequentially related or randomly selected. This
helps improve performance on tasks that require sentence-level understanding. Fol-
lowing the completion of pretraining, labeled datasets are used to fine-tune the model
for specific downstream tasks. Fine-tuning involves adding a task-specific classifica-
tion layer on top of the pretrained BERT model and optimizing it using task-specific
objectives, such as cross-entropy loss for classification tasks. The key benefit of this
process is transfer learning, which allows BERT’s contextualized knowledge from
large-scale pretraining to be applied to a wide range of NLP applications with rela-

tively little labeled data.

Since BERT was introduced, several variants and improvements have been proposed
for MLMs. Significant performance improvements were obtained on a number of

downstream tasks when RoBERTa [84] improved the pretraining process by eliminat-
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ing the next sentence prediction task and adding dynamic masking, where different
tokens are masked each time a sentence is processed by the model. ALBERT [77] in-
troduced cross-layer parameter sharing and factorized embedding parameterization
to reduce the overall parameter count while maintaining performance. ELECTRA
[28] used a different approach, which trained a discriminator to recognize the sub-
stituted tokens after substituting them with plausible alternatives developed by a
small generator. This “substituted token detection” objective yields higher sample
efficiency because every token is either classified as real or fake, unlike the con-
ventional MLM setting, where only a fraction of tokens is predicted. Additionally,
models such as SpanBERT [68] mask contiguous spans rather than individual tokens

to better capture phrasal-level representations.

MLMs have also been extended to multilingual and domain-specific contexts. Mul-
tilingual BERT is trained on a diverse corpus of texts from multiple languages,
enabling cross-lingual transfer and resource sharing. This idea is further scaled
by XLM-R [30], an evolution of mBERT, which uses a larger multilingual corpus
derived from several language families for training. In parallel, BERT has been pre-
trained on specific domains such as scientific and biomedical literature, respectively,
to create domain-specific models such as SciBERT [10] and BioBERT [79]. These
modifications show that MLMs can be adapted for specialized applications where
domain-specific subtleties are crucial, in addition to the ability to understand lan-
guage that describes a category or group as a whole, rather than specific individuals

(such as all dogs bark and birds have wings).

2.1.7 Fine-tuning Multilingual BERT Models

Fine-tuning pretrained MLMs, particularly transformer-based architectures such as

BERT [35], has become standard practice in NLP due to its efficacy in achieving
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state-of-the-art performance across various downstream tasks. The introduction of
multilingual transformer models, notably XLM-R [29] and multilingual text-to-text
transfer transformer (mT5) [151], has significantly advanced the field by enabling
effective cross-lingual transfer and multilingual understanding.? These models use
the transformer framework to learn complex language-independent representations
from large multilingual datasets, building on the success of previous MLMs. By
addressing limitations in language coverage and fine-tuning capability for various
NLP tasks, both XLM-R and mT5 have driven progress on benchmarks such as
cross-lingual natural language inference [30], translation [89, 67|, summarization [1],

and question answering [12].

XLM-R is a multilingual variant of RoOBERTa [84] that uses an encoder-only trans-
former architecture and is trained on a large dataset generated from CommonCrawl,
covering more than 100 languages. Its training approach enables the model to learn
complex representations even for low-resource languages by using a MLM objective
without depending on next sentence prediction. Conneau et al. [29] demonstrated
that XLM-R performs better than previous multilingual models such as mBERT on
various cross-lingual benchmarks, including XNLI [30], MLQA [80], and TyDiQA
[27]. Fine-tuning XLM-R for downstream NLP tasks involves adding task-specific
layers on top of the pretrained transformer encoder and updating all parameters
in the whole model using labeled task-specific data [63]. This approach performs
better than previous multilingual models in tasks such as named entity recogni-
tion, sentiment analysis, and question answering [106, 150]. The effectiveness of
fine-tuning XLM-R in low-resource and zero-shot cross-lingual transfer scenarios
has been explored in several studies [5, 23, 96]. For instance, the zero-shot trans-
fer capabilities of XLM-R explored by Artetxe et al. [5] showed that fine-tuning

on high-resource languages significantly improves performance on low-resource lan-

4Multilingual understanding refers to the ability of a system to understand and generate mean-
ingful responses across various downstream NLP tasks in multiple languages.

22



guages without explicit cross-lingual supervision. The cross-lingual transferability of
XLM-R embeddings was further investigated by Lauscher et al. [78], emphasizing
the model’s robustness and generalization capabilities across typologically diverse
languages. Furthermore, Pfeiffer et al. [103] proposed AdapterFusion, a method for
integrating language-specific adapters into XLM-R, allowing efficient fine-tuning and

improved cross-lingual transfer performance.

The T5 design [111] is extended to multilingual environments by mT5, which was
introduced by Xue et al. [151]. Unlike encoder-only models like XLM-R, mT5 em-
ploys an encoder-decoder architecture, which makes it suitable for generative tasks
such as translation, summarization, and question answering. Training on the mC4
dataset [151], which is a multilingual version of the C4 corpus [111], gives mT5 a
broader linguistic exposure that improves its generalization across many language
families. Fine-tuning mT5 involves developing downstream NLP tasks as text-to-
text problems, where the model generates the desired output based on the input
text. Xue et al. [151] showed that mT5 achieves better performance on various mul-
tilingual benchmarks, including XTREME [63] and XQuAD [5]. In recent studies,
fine-tuning mT5 for multilingual summarization [53] and translation [24] tasks has
been explored, achieving state-of-the-art results on both tasks. mT5 has been studied
for multilingual question answering [70], emphasizing its effectiveness in generating

accurate and contextually relevant answers across multiple languages.

Several studies have also focused on improving the efficiency and effectiveness of
fine-tuning multilingual models. Houlsby et al. [60] introduced adapter modules,
which are lightweight neural components inserted into transformer layers, enabling
efficient fine-tuning of large multilingual models such as XLM-R and mT5. A mod-
ular adapter-based framework [104] was introduced to extend this approach, par-
ticularly reducing computational costs while maintaining high performance in mul-

tilingual transfer tasks. Moreover, parameter-efficient fine-tuning methods such as
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prefix-tuning and prompt-tuning were explored, demonstrating their effectiveness
in adapting multilingual models to downstream tasks with minimal computational

overhead [121].

2.2 Multiword Expressions

We discuss the work done on multiword expressions (MWEs) in the context of NLP
in this section. MWEs are an essential aspect of NLP and linguistics, encompass-
ing phrases whose meanings cannot be derived from their individual components
[9]. These expressions include idioms (e.g., bite the bullet), collocations (e.g., cof-
fee filter), phrasal verbs (e.g., break out), and compound nouns (e.g., coffee cup).
Identifying and processing MWEs accurately is critical for various NLP applications
[31], including machine translation, information retrieval, and sentiment analysis.
Token-level MWE identification and idiomaticity prediction are the two NLP tasks
related to MWEs that we primarily address in this section. Before delving into these
topics, we first provide a brief definition of MWEs along with examples. Then we
discuss the importance of MWEs in NLP and the difficulties that language models

encounter with respect to them.

2.2.1 Definition and Examples

MWEs require specialized methods for identification and processing in NLP. MWEs
are lexical items consisting of more than one word, but which function as a single unit
in terms of meaning, syntax, or usage [9]. These expressions defy simple word-by-
word interpretations and frequently contain a high degree of idiomaticity [149]. Many
MWESs are idiomatic, which means they convey figurative meanings that cannot be

completely predicted from their constituent words [65]. For instance, kick the bucket
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means ‘to die’ which is obviously unrelated to the literal meaning of actually ‘kicking
a bucket’. We explore idiomaticity prediction in the SemEval 2022 shared task 2
subtask A.

Early studies on MWESs focused on their linguistic characteristics and classifications.
There are several different types of MWEs. Sag et al. [123] categorized MWESs based
on their syntactic and semantic properties, emphasizing the challenges in their com-
putational processing. Noun compounds (NCs) are the most common type of MWE,
in which two or more nouns come together to create a MWE (such as coffee cup).
Baldwin et al. [8] initially proposed utilizing latent semantic analysis to estimate
the compositionality of MWESs, particularly focusing on noun compounds. Later,
[71] expanded on this by suggesting an unsupervised method to predict the composi-
tionality of noun compounds. [117] proposed a dataset to analyze noun compounds
and determine how each component contributes to the meaning. The majority of
noun compound research worked on type-level predictions, where compositionality
is assessed as a general property of an MWE. For instance, when we predict the
idiomaticity of the expression itself, this is known as type-level idiomaticity predic-
tion. However, it is also crucial that we make token-level predictions, where com-
positionality is determined based on a specific usage of the expression in context.
[41] demonstrated that the model’s capacity to predict the compositionality of noun

compounds is enhanced when noun compounds are predicted at the token level.

This study uses the multilingual dataset from PARSEME 1.2 shared task [115], con-
taining sentences with token-level annotation for verbal MWEs (VMWEs). VMWEs
are MWEs where the main word of the expression is a verb. In this dataset, the
tokens are annotated into nine categories of MWEs, which are inherently reflex-
ive verbs, full light verb constructions, causative light verb constructions, verbal
idioms, fully non-compositional verb-particle constructions, semi non-compositional

verb-particle constructions, multi-verb constructions, inherently adpositional verbs,
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and inherently clitic verbs.> The light verb constructions (LVCs) are formed by a
verb and a noun, which either directly depend on the verb or are introduced by a
preposition. The definitions are taken from Ramisch et al. [114] while we changed
the examples into English, where these examples are also taken from the detailed

annotation guidelines presented by Ramisch et al. [114] as follows:

e Inherently Reflexive Verbs (IRV): pervasive in Romance and Slavic lan-
guages, and present in Hungarian and German, in which the reflexive clitic
either always co-occurs with a given verb, or markedly changes its meaning or

sub-categorization frame, such as to find oneself in a difficult situation.

e Full Light Verb Constructions (LVC.full): LVCs in which the verb
is semantically totally bleached, such as The party gave priority to senior

members.

e Causative Light Verb Constructions (LVC.cause): LVCs in which the
verb adds a causative meaning to the noun, such as the new law provoked the

destruction of the building.

e Verbal Idioms (VID): Groups all VMWESs that do not belong to other
categories, and most often have a relatively high degree of semantic non-

compositionality, such as ‘kick the bucket’” — ‘to die’.

¢ Fully non-compositional Verb-Particle Constructions (VPC.full): In
which the particle totally changes the meaning of the verb, such as ‘to do in’

— ‘to kill".

e Semi non-compositional Verb-Particle Constructions (VPC.semi): In
which the particle adds a partly predictable but non-spatial meaning to the

verb, such as ‘to eat up” — ‘to eat completely’.

5A clitic is a short word (often a pronoun or auxiliary verb) that behaves like a word grammat-
ically but is phonologically dependent on another word.
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e Multi-Verb Constructions (MVC): Close to serial verbs which are seman-
tically non-compositional in Asian languages like Chinese, Hindi, Indonesian,
and Japanese (but also attested in Spanish), such as Hindi: baiTh ja (En-

glish: ‘sit go’) — ‘sit down’.

e Inherently Adpositional Verbs (IAV): Include idiomatic combinations of
verbs with prepositions or post-positions, depending on the language, such as

‘to count on’ — ‘to depend on’.

e Inherently Clitic Verbs (LS.ICV):® In which at least one non-reflexive clitic
either always accompanies a given verb or markedly changes its meaning or its
sub-categorization frame, such as Italian: prenderle (English: ‘take-them’)

— ‘get beaten up’.

2.2.2 Overview of NLP Research on MWEs

The complex nature of MWESs and their significance for various NLP applications,
such as sentiment analysis, information extraction, and machine translation, have
long been acknowledged by researchers [123]. During the past two decades, various
types of MWE research have emerged, focusing on topics such as extraction, classi-
fication, lexical representation, and integration into downstream NLP tasks. Early
research focuses on the extraction and identification of MWEs from large text cor-
pora, employing symbolic approaches, such as handcrafted lexicons and linguistic
rules, to detect idiomatic expressions or collocations [123]. Although these methods
were valuable for capturing highly idiomatic or domain-specific MWEs, they often
required extensive manual labor and linguistic expertise [32]. Subsequent work em-

ployed statistical methods that leveraged frequency-based association measures, such

SLanguage-specific (LS) categories are carefully defined and accompanied by linguistic tests
that allow to distinguish them from other categories.
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as pointwise mutual information or log-likelihood ratio, to identify candidate MWEs

38, 100].

Identifying and classifying MWEs based on their syntactic and semantic character-
istics is another important research area. MWEs can vary from semi-fixed phrases
that allow some inflection or substitution (such as spill the beans, which can become
spilled the beans) to fixed expressions with nearly no syntactic flexibility (such as
by and large) [123]. The semantic compositionality of MWEs varies widely, from
relatively transparent meanings (e.g. coffee cup) to idiomatic expressions (such as
kick the bucket) whose meanings are not predictable from individual words [112].
Researchers have proposed several taxonomies and metadata frameworks to better
capture the nuances of MWESs across languages because of this variability [140]. An-
other key area of focus is lexical representation and resource construction for MWEs.
Standard lexical databases often fail to accurately represent MWEs, since they do
not always follow a regular lexical composition. Therefore, specialized lexicons and
annotated corpora have been developed to represent the linguistic idiosyncrasies of
MWEs [86, 145]. These resources include treebanks with comprehensive annota-
tions of MWESs in context and lexicons including idioms or light verb constructions

[119, 145].7

MWE:s are difficult to recognize because of their potential idiomatic behavior [126].
However, because of the large and increasing number of MWEs, identifying and ex-
tracting them is important [40, 114, 115, 142]. Moreover, it is important to identify
MWESs to improve model performance for various downstream NLP tasks, such as
machine translation. In machine translation, for example, specialized MWE handling
mechanisms can significantly improve the accuracy and fluency of translated output,

as literal translations of idiomatic expressions sometimes provide non-sensical or mis-

"Treebanks are linguistic datasets that contain sentences annotated with syntactic or grammat-
ical structure, usually in the form of parse trees.
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leading results [15]. Moreover, bilingual MWEs are defined by Ren et al. [118] as
MWEs that translate words from a source language into a target language exactly
one-to-one, indicating literal translation. A biLSTM-based model was proposed to
translate MWESs from a source language to MWEs in a target language in [158]. Sim-
ilarly, in information extraction and sentiment analysis, identifying multiword terms
(for example, domain-specific compound nouns) can improve the accuracy of entity
recognition and sentiment classification [94]. Moreover, specialized MWE modules
have been shown to reduce parsing errors in syntactic parsing by considering certain
sequences as single lexical units [33]. The growing integration of modules that are
aware of MWEs into end-to-end neural architectures underscores their importance
to achieve state-of-the-art performance in various NLP tasks [19]. More recently, re-
searchers have used machine learning algorithms and neural network models, using
large corpora and contextual word embeddings (such as BERT [35] or ELMo [102])
to detect and classify MWEs more robustly [146]. Researchers are investigating these
advanced computational techniques to improve results in various downstream tasks,

such as machine translation, information retrieval, and sentiment analysis [32].

2.2.3 Cross-lingual Idiomaticity Prediction (SemEval)

The cross-lingual prediction of idiomaticity has developed as a challenging and im-
portant research area in NLP, especially as the amount of multilingual written con-
tent increases and systems are required to interpret, translate, or otherwise pro-
cess idiomatic expressions in diverse languages [9]. Idiomatic expressions are non-
compositional in meaning, which means that their overall meaning cannot be deter-
mined immediately from the literal interpretation of their constituent words [123].
These characteristics make NLP tasks such as information retrieval, machine transla-

tion, text categorization, and question answering extremely challenging [40]. There-
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fore, there is an increasing amount of research on how to effectively identify and
interpret MWESs, such as idioms and phrasal verbs, in a multilingual setting [32, 51].
Early approaches in idiomaticity prediction often relied on large phrase repositories,
part-of-speech tag patterns, and statistical measures of cooccurrence or semantic
cohesion [32]. Although such techniques were moderately successful in monolingual
contexts, they often struggled to extend to multiple languages or more flexible id-

iomatic constructions [9].

Initial efforts to represent idiomatic phrases using non-contextual embeddings fo-
cused on extracting frequently occurring n-grams (e.g., big fish) from text and then
learning their representations based on surrounding context [92]. However, the effi-
ciency of this strategy decreases dramatically as the length of the idiomatic phrase
increases because of data scarcity [34]. Recent research demonstrates that even
state-of-the-art pretrained contextual models, such as BERT, are unable to effec-
tively represent idiomatic expressions [41]. To address these challenges, Madabushi
et al. [142] organized a shared task at SemEval 2022, aiming to detect and rep-
resent MWEs that are possibly idiomatic phrases across English, Portuguese, and
Galician. As a result, several researchers participated in the shared task, employing
diverse techniques to address this problem. These approaches included feature-based
methods [64], span-based classification [152], and the use of glosses and translations
[55]. Moreover, some studies explored models based on neural networks [87] and
pretrained language models for idiomaticity prediction [13, 87, 139, 25|, while others

adopted named entity recognition techniques [97, 143].

The prediction of cross-lingual idiomaticity is an under-researched area [15]. How-
ever, the study by Swaminathan et al. [137] focused on the prediction of cross-
lingual idiomaticity using multilingual pretrained language models such as multi-
lingual BERT and XLM-R, concluding that these models are capable of learning

and transferring idiomaticity information across languages. A closely related earlier
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study is [39], which utilizes BERT, RoBERTa, mBERT, and RuBERT models to
predict the idiomaticity of MWEs in a cross-lingual setting. The study considers
previously unseen expressions by adopting a cross-lingual “zero-shot” approach, in
which the model is trained on English and tested on Russian, and vice versa, making

it a cross-lingual task.

2.2.4 Cross-lingual Token-level Identification of MWEs

(PARSEME)

Early approaches to MWE identification used lexicon-based or rule-based methods
that often relied on lists of known phrases or handcrafted rules that took advantage
of fixed syntactic patterns [40]. Although these methods achieved some success with
relatively high-resource languages (such as English or French) [131, 66, 37], they were
not transferable to other languages because of their dependence on language-specific
patterns and resources. Token-level MWE identification is important for various
downstream applications, including information extraction, syntactic parsing, and
machine translation [31]. Cross-lingual MWE identification is even more challenging

due to linguistic diversity [51].

The PARSEME shared tasks, which are part of the PARSEME (PARSing and Mul-
tiword Expressions) initiative, have played a key role in cross-lingual MWE identi-
fication research by providing standardized datasets and evaluation metrics, as well
as promoting collaboration among researchers working on different languages and
methodologies [127, 114, 115, 125]. In the first edition of the PARSEME shared task
[127], data from eighteen languages were released, consisting of 5.5 million tokens and
60,000 verbal MWE (VMWE) annotations. Moreover, seven teams participated in
the shared tasks while five teams worked on multilingual systems. Following the suc-

cess of the first shared task, the second [114] and third [115] editions of the shared
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tasks were also organized, where new languages were introduced, the meaning of
VMWESs was refined, and the size of the data increased. Twelve teams participated
in the second edition, while seven teams participated in the third edition. Moreover,
the third edition also emphasized the evaluation of unseen VMWEs and redefined
the meaning of unseen VMWESs.® The best performing system in this shared task
was MTLB-STRUCT [140], which employs mBERT with a dependency parser to
identify and classify VMWEs. In addition, neural network-based approaches [156],
multilingual masked language models [76, 140], and contextualized word embeddings

[48] have also been studied in this third edition of the PARSEME shared task.

Another area of exploration is the handling of semi-fixed and compositional MWEs,
which can appear literal in one context but idiomatic in another context [72]. This
becomes more complex in a cross-lingual setting: a MWE that is idiomatic in one
language could be compositional in another language. For instance, the English
idiom spill the beans, meaning to reveal a secret, often loses its figurative meaning
when translated literally into other languages such as Bangla or Hindi. Multilingual
transfer learning involves adapting a model trained on one language to others with
minimal resources, demonstrating potential for cross-lingual generalization, which
is a field that is still under-researched [120]. Cross-lingual VMWE identification in
the PARSEME 1.2 edition has been studied by Swaminathan et al. [137], where
the model is trained on one language and tested on others. This study employs
the MTLB-STRUCT framework and a multilingual BERT model to conduct cross-
lingual experiments. The findings show that the models can learn VMWZEs in a cross-
lingual setting. Recent initiatives include the development of multilingual datasets

[46, 51, 125] to allow cross-lingual MWE research [6, 98, 46].

8A VMWE from the test corpus is considered unseen if a VMWE with the same (multi-)set of
lemmas is not annotated in the training or development corpus [115].
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Chapter 3

Model

We employ transformer-based multilingual masked language models (MLMs) since
we test and train in multiple languages in our studies. For the MLMs, we used
XLM-R-large [29] and mT5-base [151] which is a multilingual model trained on T5
architecture [111]. We also used autoregressive models, GPT-40 and GPT-40-mini

[2], and considered a prompting-based approach and supervised fine-tuning.

3.1 SemkEval

For SemEval 2022 task 2 subtask A [142], we apply XLM-R-large and mT5-base
models for sequence classification. The shared task organizers used a multilingual
BERT (mBERT) model as the baseline in the initial shared task published in 2020.
Moreover, the study by Swaminathan and Cook [137] used mBERT, XLM-RoBERTa,
and mDeBERTa to tackle the shared task problem. We follow the Swaminathan and
Cook study and fine-tune on the training data with more powerful models to under-
stand whether the large masked language models (e.g., XLM-R-large and mT5-base)

improve the classification performance. We chose XLM-R-large to directly compare
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its performance with that of its smaller version, XLM-R-base.! Furthermore, the
reason for choosing mT5-base is that it shows better performance in various down-
stream multilingual NLP tasks compared to XLM-R-large [151]. We also explore
large autoregressive models to see if there is any improvement over the test data. We
chose two autoregressive models, GPT-40 and GPT-40-mini, which share the same
architecture but differ in model size, with GPT-40 being the larger one. This selec-
tion allows us to understand the performance differences between larger and smaller
models and the capabilities of these autoregressive models compared to MLMs. We
used the prompt-based and supervised fine-tuning approaches (described in Section
4.4) for autoregressive models. We chose the prompt-based approach to evaluate
how these autoregressive models perform using their pretrained knowledge without
additional training. The reason behind choosing the supervised fine-tuning approach
is to understand how much we can improve the performance of these autoregressive
models by fine-tuning with training data. For the prompt-based approach, we use
prompting without training GPT-40 and GPT-40-mini to get the model predictions.
We fine-tuned both the GPT-40 and GPT-40-mini models for the supervised fine-

tuning approach and then used prompting to get the model predictions.

3.2 PARSEME

For the PARSEME 1.2 shared task [115], we first used the MTLB-STRUCT sys-
tem [140], which performed the best in the shared task and was also used in the
study by Swaminathan and Cook [137]. MTLB-STRUCT architecture is designed
to simultaneously learn MWEs and dependency trees by constructing a dependency
tree CRF network [164] while using the same pretrained model weights for both

tasks. To perform the classification of MWEs based on their category in MTLB-

!The performance of XLM-R-base model is reported by Swaminathan and Cook et al.[137].
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STRUCT, a layer containing a softmax function is added on top of the pretrained
model. Moreover, MTLB-STRUCT uses Adam [73] optimizer to reduce the clas-
sification loss during training. The cross-lingual identification and classification of
VMWESs have been improved using this architecture [141], where the model was
trained on German and tested on English data from the PARSEME 1.1 shared task
[113]. Our experimental settings include both multilingual and cross-lingual setups
along with the monolingual setting using large MLM as discussed in section 4.2.
We fine-tuned XLM-R-large using the MTLB-STRUCT system for the PARSEME
task. To evaluate the performance of a larger MLM with a smaller MLLM in terms of
parameter size, we chose XLM-R-large model. In addition, we fine-tuned GPT-40-
mini to investigate whether the large autoregressive models perform better than the
Swaminathan and Cook results in the cross-lingual setting. We chose GPT-40-mini
for its smaller size compared to GPT-40 and its efficiency, which allows us to evaluate
the performance of a smaller autoregressive model while maintaining strong capa-
bilities in downstream NLP tasks. Moreover, the fine-tuning of GPT-40-mini is 12.5
and 8.3 times more cost-effective for inference and training, respectively, compared
to fine-tuning of GPT-40.2 Our study also includes the prompt-based approach for
GPT-40, where we apply the prompting technique without training the model to

obtain the model predictions.

2We compute these numbers based on information provided here: https://openai.com/index/
gpt-4o-mini-advancing-cost-efficient-intelligence/
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Chapter 4

Materials and Methods

We discuss our datasets, experimental setup, implementation and parameter settings,
supervised fine-tuning and the prompt-based approaches, and evaluation metrics in

this chapter.

4.1 Datasets

Our study focuses on cross-lingual identification and idiomaticity prediction of MWEs.
Multilingual datasets are required to perform cross-lingual prediction. To address
this, we used the data of ‘subtask A’ of “SemEval 2022 task 2: Multilingual Id-
iomaticity Detection and Sentence Embedding” [142] and PARSEME edition 1.2

[115] on semi-supervised identification of verbal multiword expressions.

4.1.1 SemEval

SemEval 2022 shared task 2 subtask A provides a multilingual dataset that is divided

into train, dev, eval, and test sets. The train and dev sets are released mainly for
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Language MWEs Target Sentence Label

English smoking gun At least Donald Trump’s “smoking Idiomatic
gun” tape is simpler than Richard
Nixon’s.

English smoking gun The Smoking Gun was a prime spot  Literal

for football fans to watch the game Sun-
day afternoon.

Portuguese carne branca A procura por carne branca aumen- Idiomatic
tou bastante.

Portuguese carne branca LINGUADO: carne branca e magra, Literal
tradicionalmente preparado em filés.

Table 4.1: Examples of ‘idiomatic’ and ‘literal’ usages of MWEs for English and
Portuguese from the SemEval 2022 task 2 subtask A dataset. Bold indicates the
MWEs in the sentences.

the training of the models while the eval set is released for evaluation during the
practice phase of the shared task. The test set is used for the final evaluation of
the models. Among the four data splits, the train, dev, and eval sets have instances
in English and Portuguese while the test set contains English (en), Portuguese (pt),
and Galician (gl) instances. In our study, we used the train and dev sets to train
and validate our models, while the test set was used to evaluate the performance of
the models. The dataset has a total of eight columns: DatalD, Language, MWE,
Setting, Previous, Target, Next, and Label. We mainly used the Previous, Target,
Next, and Label columns. The Previous column contains a sentence that comes
before the sentence containing the target MWE while the value of the Target column
is a sentence containing the target MWE. The Next column has the sentence that
follows the target sentence. The values in the Label column are either ‘0’ or ‘1’
where 0 denotes that the target sentence contains an idiomatic MWE while 1 denotes
that the target sentence has a literal MWE. The training data has 2,535 idiomatic
expression instances (approximately 56.4% of total training instances) and 1,956

literal instances (approximately 43.6% of total training instances). Table 4.1 shows
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examples of idiomatic and literal instances for the same MWEs from the dataset.
The MWE smoking gun in the first English sentence refers to a fact that serves as
conclusive evidence of an offense and is categorized as ‘idiomatic’ while the second
sentence refers to a place name that is categorized as ‘literal’. Similarly for the first
sentence of Portuguese, carne branca is used as an idiomatic expression and the

second sentence shows the literal meaning for the same MWE.

Language Train Dev Test

English 3,327 466 916
Portuguese 1,164 273 713
Galician 0 0 713
Total 4,491 739 2,342

Table 4.2: Number of instances across the train, dev, and test splits for SemEval
2022 task 2 subtask A.

In this thesis, only the “zero-shot” setting from the shared task is considered. In
this setting, the training MWEs are completely different from the MWEs in the dev
and test sets. In this study, we only consider cross-lingual experiments in which
a model is evaluated using expressions in a language which was not seen during
training. We evaluate the models on the test dataset focusing on the results for
languages that were not seen during training (e.g., when training on English, we
consider the results for Portuguese and Galician for analysis). Since our experiments
are cross-lingual (i.e., the training and testing languages are different), they are also
“zero-shot” experiments in nature. We present the statistics for the SemEval 2022

task 2 subtask A dataset in Table 4.2.
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4.1.2 PARSEME

The PARSEME 1.2 shared task [115] provides a multilingual dataset which includes
14 languages ranging from low- to high-resource languages. This dataset contains
sentences with token-level annotation for verbal MWEs (VMWEs). VMWEs are
MWESs for which the head of the expression is a verb. In this dataset, the tokens are
annotated into nine categories of MWESs for 14 languages which are Basque, Brazilian
Portuguese, Chinese, French, German, Greek, Hebrew, Hindi, Italian, Irish, Polish,
Romanian, Swedish, and Turkish. The dataset is divided into train, dev, and test
sets. The train and dev sets are provided for training and validating the models
while the test set is used to evaluate the models. In this shared task, the models are

expected to correctly predict the VMWESs of the test set.

# Input Gold Standard
1 Usiideann *

2 busanna *

3 na *

4 pairce *

5 ola *

6 raibe *

7 agus *

8 té *

9 achan *

10 iarracht 1:LVC.full
11  déanta 1

12 an *

13 saol *

14 glas *

15 a *

16 chur 2:LVC.cause
17  chun 2

18 cinn 2

19 . *

Table 4.3: Example of an instance for the PARSEME task dataset in Irish.

We present the token-level annotation for an Irish sentence from this dataset in
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Table 4.3, where ‘“*’ denotes that the input token has not been identified as part
of a VMWE. In the example, the gold standard indicates that iarracht déanta is a
full light verb construction (LVC.full) and chur chun cinn is a causative light verb

construction (LVC.cause).

Language Train Dev Test
German (de) 6,568 602 -
Greek (el) 17,733 909 -
Basque (eu) 4,440 1,418 -
French (fr) 14,377 1,573 -
Irish (ga) 257 322 1,121
Hebrew (he) 14,152 1,254 -
Hindi (hi) 282 289 1,113
Ttalian (it) 10,641 1,202 -
Polish (pl) 17,731 1425 -
Brazilian Portuguese (pt) 23,905 1,976 -
Romanian (to) 10,920 7,714 -
Swedish (sv) 1,605 596 -
Turkish (tr) 17,945 1,062 -
Chinese (zh) 35,326 1,141 -
All 175,882 21,483 2,234

Table 4.4: Number of training, development, and testing examples we used in our
study from the PARSEME 1.2 dataset.

Chinese, Irish, and Swedish were newly introduced or changed significantly in PARS-
EME 1.2 compared to the previous version of the PARSEME shared task. PARSEME
1.2 mainly emphasized evaluating on unseen VMWEs by redefining the definition of
unseen VMWEs as the collection of lemmas that are not annotated in both the
train and dev datasets, as opposed to only in the train dataset as in the previous
PARSEME edition.! In this study, we evaluate our model only on Irish and Hindi
test data. The reason behind choosing Irish is due to it having the lowest perfor-
mance in the “Heldout” setting from the Swaminathan and Cook baseline [137],

while Hindi was chosen because it has the least amount of training samples among

'A Lemma is the base or dictionary form of a word that is used to represent all its inflected
variants in linguistic analysis.
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the other languages in the dataset. We exclude other languages because of the high
computational cost of fine-tuning the large autoregressive model.?2 Table 4.4 shows
the number of training, development, and testing examples that we used in our study
from the PARSEME 1.2 dataset. In terms of unseen VMWEs, the Irish and Hindi
test data have 353 and 370 unseen VMWEs. Although the PARSEME data for
each language is divided into training, development, and test sets, we only used the
training and development sets for all languages other than Irish and Hindi in our

experiments.

4.2 Experimental Setup

Our experiments were designed following the experimental settings of Swaminathan
and Cook [137]. For this thesis, we mainly considered the following four experimental

settings to perform cross-lingual analysis on SemEval 2022 shared task 2 Subtask A:
1. no train: No model is trained for this experiment. This experiment is designed
only for autoregressive models and uses the prompt-based approach.

2. en: Two MLMs (XLM-R-large and mT5-base) and two autoregressive models

(GPT-40 and GPT-40-mini) are trained on only English training data.

3. pt: The same as en, but here only Portuguese training data is used to train

all four language models.

4. en+pt: The same as the previous two approaches but here both English and

Portuguese training data are utilized to train all four language models.

2For example, supervised fine-tuning of the “All” experiment setting (discussed in section 4.2)
costs roughly 525 US dollars for each language.
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The first setting is mainly considered to evaluate the capabilities of large autore-
gressive models without training. Since the models are not trained, evaluating on
expressions in any language can be viewed as a cross-lingual task because the model
was not trained on the training instances in the test language. This experiment set-
ting helps us to answer the first sub-question of the second research question.? In the
second setting, we only train on English. Therefore, when we test on Portuguese or
Galician, this becomes a cross-lingual task since both Portuguese and Galician were
unseen during training. Similarly, for the third setting, we only use Portuguese for
training. This setting then becomes a cross-lingual task when we test on English or
Galician since both were unseen during training. Lastly, we combine the English and
Portuguese training data for training in the fourth experiment setting. This becomes
a cross-lingual task when we test on Galician data. The second, third, and fourth
experiment settings help us to answer the first* and second® research questions along

with the second sub-question® of the second research question.

We also follow experimental settings similar to Swaminathan and Cook [137] for
the PARSEME shared task. Our motivation behind designing experimental settings
is to understand the performance of monolingual, multilingual, and cross-lingual
approaches for all languages. As a result, we considered three experimental settings
to answer the research questions. However, due to limited computational resources
and the high cost of fine-tuning large autoregressive models such as GPT-40-mini, we
considered our three experimental settings for only two languages (Irish and Hindi).

We discuss our experimental settings below:

1. Mono: In this setting, we train on the training set of a particular language

3 Does the prompting-based approach of the large autoregressive models outperform the approach
of Swaminathan and Cook [137] in cross-lingual settings?

4Do larger MLMs outperform the approach of Swaminathan and Cook in cross-lingual settings?

5Do larger autoregressive models outperform the approach of Swaminathan and Cook in cross-
lingual settings?

6 Does supervised fine-tuning of larger autoregressive models outperform the approach of Swami-
nathan and Cook in cross-lingual settings?
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and test on the same language using all language models. Models are trained

for each language separately.

. All: In this setting, we aim to analyze the performance of the multilingual
behavior of the models by incorporating additional training data from other
languages and training on all languages instead of just a specific language as in
the Mono setting. However, due to computational resource constraints, we ex-
cluded the Hindi language for the Irish “All” experimental setting and the Irish
language for the Hindi “All” experimental setting. I.e., we use the same models
that were trained for the Hindi and Irish “Heldout” settings (described below).
This experiment setting is therefore slightly different from the Swaminathan

and Cook “all” setting for the PARSEME task.

. Heldout: This setting is mainly designed to analyze the cross-lingual capa-
bilities of the language models. We trained the model on all of the languages
except the target language and tested the model on the target language. Mod-
els are again trained for each language separately. l.e, we train one model on
all languages except Hindi and evaluate on Hindi and then separately train

another model on all languages except Irish and evaluate on Irish.

4.3 Implementation and Parameter Settings

For fine-tuning large MLMs, we used Huggingface’s transformers [148] implementa-

tions and publicly available weights of XLM-RoBERTa (XLM-R) and multilingual

T5 (mT5) models. In particular, we used the large architecture (XLM-R-large) of

XLM-R and the base architecture (mT5-base) of mT5. XLM-R is a pre-trained model

using the XLM approach [30] on 2.5TB of filtered CommonCrawl data containing

100 languages. XLM-R-large has 24 layers, 1024 hidden states, and 16 attention
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heads of the transformers architecture [29] while the dimension of the feed-forward
network is 4096. Moreover, the model has 550 million parameters and the vocabulary
size is 250k. mT5 uses the T5 architecture trained on the mC4 corpus and covers
101 languages ranging from low- to high-resource languages [151]. mT5-base has 12
layers, 768 hidden states, and 12 attention heads of the transformers architecture
[29] while the dimension of the feed-forward network is 2048. Moreover, mT5 has
580 million parameters and the vocabulary size is 250k, and it uses SentencePiece

tokenizer.

For the prompting-based approach and supervised fine-tuning of large autoregressive
models, we used the Python implementation of the OpenAI API library.” We used
GPT-40 (version gpt-40-2024-08-06) and GPT-40-mini (version gpt-4o-mini-2024-
07-18) [2] in this thesis. Most of the technical details of GPT-40 and GPT-40-mini
such as model architecture, number of parameters, training data, etc. are unknown
because the models are closed source. However, the size of the context window and
the maximum number of output tokens are 128,000 and 16,384 tokens respectively
for both models, suggesting that the models are capable of understanding long input
contents. The main difference between the two models is their size and computa-
tional cost. GPT-40 is larger in size and offers better performance on complex tasks

compared to GPT-4o-mini [107].

We fine-tuned XLM-R-large, mT5-base, GPT-40, and GPT-40-mini for the SemEval
task and XLM-R-large and GPT-40-mini for the PARSEME task. We used MTLB-
STRUCT [140] to fine-tune XLM-R-large for the PARSEME task. Furthermore, we
used GPT-40 for the prompt-based approach for both the SemEval and PARSEME

tasks.

We used a learning rate of 3 x 107° for optimizer AdamW [85], a maximum sequence

"https://github.com/openai/openai-python

44



length of 256, and a batch size of 16 for fine-tuning MLMs for both tasks and trained
up to 10 epochs.® For the prompt-based approach, we set the temperature to 0, top_p
to 0.95, and instructed the model to generate up to 16 tokens. For supervised fine-
tuning of GPT-40-mini, we used a batch size of 2, learning rate multiplier of 0.5 and
trained up to 3 epochs for the SemEval task.” For the PARSEME task, we train
GPT-40-mini only using the same parameters, however, we reduced the number of
epochs for training for the “All” and “Heldout” experimental settings to 2 due to

limited computational resources.

To obtain results over the SemEval test data, we uploaded the models’ predictions
to the competition website!® since the test data labels were not publicly available

when we conducted the experiments.

4.4 Supervised Fine-tuning and Prompt-based

Approach for Autoregressive Models

We constructed an instruction-following dataset to fine-tune the autoregressive mod-
els. The motivation for constructing an instruction-following dataset is to use a stan-
dard approach to fine-tune an LLM [162] to enhance the model’s generalizability and
guide the LLM to follow user instructions. We provide an example of instruction-

following data constructed using ‘User’ prompt in Table 4.5 for the SemEval and

PARSEME tasks.

For the prompt-based approach, we manually carefully designed prompts to instruct

autoregressive models to perform both tasks. Similarly, we also designed the prompt

8Learning rate controls how much the model updates its parameters (like weights) in response
to the error it sees after each step of training.

9Learning rate multiplier is a factor applied to the base learning rate to scale it differently for
training stages.

Onttps://codalab.lisn.upsaclay.fr/competitions/8121
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to instruct supervised fine-tuned autoregressive models. Our prompt engineering
approach is motivated by our experimental findings across trial data. For this ex-

periment, we use the system and user prompts in Table 4.5.

4.5 Evaluation Metrics

The classes are imbalanced and the majority of the data belongs to the idiomatic class
for the SemEval task. Moreover, around 74% of training instances are in English, and
the remaining 26% of training instances belong to Portuguese. Therefore, we follow
the official evaluation metrics of the shared tasks and evaluate our model predictions
using the macro-average F1 score, which is the macro-averaged harmonic mean of

the precision and recall for individual classes.!!

We also noticed similar class imbalances in the PARSEME task. Therefore, we used
the official evaluation metrics of the shared task: global token-based F'1 score, global
MWE-based F1 score, and unseen MWE-based F1 score. The precision and recall of
the predicted VMWE boundaries are measured in the global token-based evaluation.
The precision and recall of complete VMWEs, including their type (e.g., VID, IAV),
are measured in the global MWE-based evaluation. The unseen MWE-based eval-
uation considers only VMWEs that are not seen in training or development data.
Note that in the case of the ‘Heldout’ experimental setting, all the test expressions

are not observed during training.

For the SemEval task, we compare our results against the most frequent class (MFC)
baseline and the Swaminathan and Cook [137] results. The MFC baseline classifies
every instance as the MFC, in this case idiomatic. For the PARSEME task, we only

compare against the Swaminathan and Cook results.

' Macro refers to the method of averaging F1 scores unweighted across all classes.
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Role Prompt

SemEval task

System  You are an expert in identifying the idiomatic expressions by analyzing
the given sentence.

User  Analyze the given sentence and determine whether it contains an id-
iomatic expression (a phrase or saying where the meaning cannot be in-
ferred directly from the individual words) or a literal expression (where
the words convey their standard meaning). Your answer should be ei-
ther ‘literal” or ‘idiomatic’. Provide only class as your response.
sentence: {sentence}
class: {class_label}

PARSEME task

System  You are an expert in identifying verbal multi-word expressions (VMWE)
from the given sequence of words.
User  Analyze the given sequence of words and determine VMWE for each
word. The VMWE categories are ‘LVC.full’, ‘LVC.cause’, ‘VID’, ‘IRV’,
‘VPC.full’; ‘VPC.semi’, ‘MVC’, and ‘TAV".

Follow the rules described below for the entire input.

1. Write the appropriate VMWE category if the current line contains the
first lexicalized component of the VMWE in the sentence, the VMWE
code consists of a VMWE identifier followed by a colon (:) and a VMWE
category label (for example: 1:VID). VMWE identifiers are integers
starting from 1 for each new sentence and increasing by 1 for each new
VMWE.

2. If the current line contains a lexicalized component of the VMWE
which is not the first one in the sentence, the VMWE code contains
the VMWE identifier only, as described above, and no VMWE category
label.

3. Write a star (*) for the word if the word in the current line is not part
of a VMWE; or if the current line describes a multiword token (e.g., 2-3,
don’t).

4. Write an underscore (_) for the word if this information is underspec-
ified.

The input data is provided in tsv format with the following columns:
ID\tWord\tPOS

{input_data}

Table 4.5: Prompts used with the LLMs to get the predictions for both the prompt-
based approach and supervised fine-tuning.
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Chapter 5

Results

In this chapter, we present the results of the SemEval task in Section 5.1 and the
PARSEME task in Section 5.2.

5.1 SemkEval

We present the results of the SemEval task in Table 5.1, where the values are pre-
sented as macro averaged F'1 scores and rounded to three decimal places. We also
present the most frequent class baseline along with the best results of individual
language settings of Swaminathan and Cook [137] as another baseline. Our study
focuses mainly on cross-lingual settings, where the models are trained on one lan-
guage and tested on different languages, e.g., we trained a model using English data
and tested the model using Portuguese and Galician data. This section first discusses
the performance of larger masked language models (MLMs) e.g., XLM-R-large and
mT5-base compared to Swaminathan and Cook [137]. Then we discuss the per-
formance of autoregressive models such as GPT-40 and GPT-40-mini. Finally, we

conclude the section by answering the research questions.
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Test

Model Train on pt ol All

en 0.703  0.523 0.321 0.532

XLM-R-large  pt 0.625 0.631 0444 0.572
en +pt  0.724  0.679 0469 0.648

en 0.681 0541 0392 0.551

mT5-base pt 0.367 0.391 0.434 0.400
en +pt 0348 0393 0458 0.394

no train 0.665 0.598  0.502 0.602

en 0.788 0.653 0.588 0.696

GPT-do pt 0.779 0.651 0.659 0.714
en +pt  0.802 0664 0.657 0.743

no train 0.622 0499 0.285 0.481

en 0.780 0.611 0.380 0.609

GPT-4o-mini 0.724 0.632 0.579 0.658
en +pt  0.785 0.704 0543 0.693

en 0.717 0590 0420

Bascline [137] Pt 0.582 0.578 0499
en+pt 0720 0.662 0550

MFC Baseline 0.345 0391 0434 0.389

Table 5.1: Macro-average F1 score for the SemEval task for each model, training
and testing on the indicated language(s). Bold indicates better performance than

the Swaminathan and Cook baseline for the cross-lingual setting.

Training on English and testing on Portuguese, the performance of XLM-R-large

(0.523) is better than the most frequent class (MFC) baseline. However, the perfor-

mance of XLM-R-large is lower than the Swaminathan and Cook baseline (0.590)

for the same experiment setting by a margin of 0.067. When trained on English and

tested on Galician, the performance of XLM-R-large (0.321) is lower than both the

MFC baseline (0.434) and the Swaminathan and Cook baseline (0.420). Similarly,

when trained on English using mT5-base and tested on Portuguese, the performance
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(0.541) is better than the MFC baseline (0.391) but lower than the Swaminathan
and Cook baseline (0.590). For the same training setting when tested on Gali-
cian, the performance (0.392) is lower than both the MFC baseline (0.434) and the
Swaminathan and Cook baseline (0.420) by a margin of 0.042 and 0.028 respec-
tively. Moreover, when trained on English and tested on Portuguese and Galician,

the performance of mT5-base is better than the performance of XLM-R-large.

When trained on Portuguese using XLM-R-large and tested on English, our perfor-
mance (0.625) is better than both the MFC baseline (0.345) and the Swaminathan
and Cook baseline (0.582). For the same trained model when we tested on Galician,
the performance of XLM-R-large (0.444) is better than the MFC baseline (0.434),
however, it is lower than the Swaminathan and Cook baseline (0.499) by a margin
of 0.055. When trained on Portuguese and tested on English, the performance of
mT5-base (0.367) is better than the MFC baseline (0.345) by a small margin of
0.022, however, it is lower than the Swaminathan and Cook baseline (0.582) for the
same experiment setting. Moreover, the performance difference between both models
(XLM-R-large and mT5-base) is quite large with XLM-R-large outperforming mT5-
base by 0.258 when tested on English. This could be due to the massive amount of
data present in English in the mT5-base model [151] and fine-tuning with Portuguese
data does not help the model in learning compared to fine-tuning with English data.
When trained on Portuguese and tested on Galician, the performance of mT5-base
(0.434) is the same as the MFC baseline. We investigated the output of mT5-base
for Galician to understand whether the model predicted all the test data into the
most frequent class, which might be expected because it achieves the same F1-score

as the MFC baseline, however, we found that the model in fact predicts both classes.

For training on English and Portuguese and testing on Galician, the performance of
XLM-R-large (0.469) is better than the MFC baseline (0.434), however, it is lower

than the Swaminathan and Cook baseline (0.550). For the same experiment setting
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using mT5-base, we observe the performance (0.458) is better than the MFC baseline

by a small margin of 0.024 while it is lower than the Swaminathan and Cook baseline.

Our experimental results using larger MLMs show that training on Portuguese and
testing on Galician performs better than training on English and testing on Galician.
This could be due to both Portuguese and Galician being part of the Romance
language family. Moreover, the performance of mT5-base when trained on English
and tested on Portuguese (0.541) is better than the performance of mT5-base when
trained on Portuguese and tested on Portuguese (0.391). This could be due to the

small amount of data present in mT5-base for Portuguese compared to English.

For the prompting-based approach (no train), we only compare our results with the
MFC baseline because this is the only baseline considered which also does not use
training data. For the prompting-based approach tested on English, the performance
of GPT-40 (0.665) and GPT-40-mini (0.622) is better than the MFC baseline (0.345).
When tested on Portuguese, the performance of GPT-40 (0.598) and GPT-40-mini
(0.499) is again better than the MFC baseline (0.391). When tested on Galician for
the prompting-based setting, the performance of GPT-40 (0.502) is better than the
MFC baseline (0.434), however, the performance of GPT-40-mini (0.285) is lower
than the MFC baseline. One possible reason for the low performance of GPT-4o-
mini could be that it is smaller in model size and has a smaller amount of training

data compared to GPT-4o.

Training on English and testing on Portuguese, supervised fine-tuning of GPT-40
and GPT-40-mini outperforms both baselines, achieving the best result using GPT-
40 (0.653) in any cross-lingual setting for Portuguese. When trained on English
and tested on Galician, the performance of GPT-40 (0.588) is better than both the
MFC baseline (0.434) and the Swaminathan and Cook baseline (0.420), while the

performance of GPT-40-mini (0.380) is lower than both baselines. When trained on
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Portuguese and tested on English, the performance of GPT-40 (0.779) and GPT-
4o-mini (0.724) is better than both the MFC baseline (0.345) and the Swaminathan
and Cook baseline (0.582), while GPT-40 provides the best result (0.779) for En-
glish compared to any cross-lingual settings. When trained on Portuguese and tested
on Galician, the performance of GPT-40 (0.659) and GPT-40-mini (0.579) is better
than both the MFC baseline (0.434) and the Swaminathan and Cook baseline (0.499),
while GPT-4o provides the best result (0.659) on Galician in any experiment settings
when trained on Portuguese. Training on both English and Portuguese and testing
on Galician, the performance of GPT-40 (0.657) is better than both MFC baseline
(0.434) and the Swaminathan and Cook baseline (0.550) while the performance of
GPT-40-mini (0.543) is only better than MFC baseline and the performance differ-
ence between GPT-40-mini and the Swaminathan and Cook baseline is quite small

(~0.007).

Overall, our findings on cross-lingual settings indicate that both large MLMs and
large autoregressive models are able to learn idiomaticity information that is not
language-specific. However, larger MLMs could not perform better than the Swami-
nathan and Cook baseline for Portuguese and Galician when trained on English, but
perform better for English when trained on Portuguese using XLM-R-large, indicat-
ing that the larger MLMs could not consistently perform better than the approach
of Swaminathan and Cook that answers our first research question (RQ).! In addi-
tion, the performance of GPT-40 for the prompting-based approach is better than
the Swaminathan and Cook baseline, however, the Swaminathan and Cook baseline
is better than our prompting-based approach when trained on ‘en + pt’ and tested
on Galician. Moreover, the performance of GPT-40-mini for the prompting-based
approach is lower than the Swaminathan and Cook baseline, indicating that the

prompting-based approach often performs better than the approach of Swaminathan

Do larger MLMs outperform the approach of Swaminathan and Cook [137] in cross-lingual
settings?
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and Cook, answering our first subquestion — Does the prompting-based approach of
the large autoregressive models outperform the approach of Swaminathan and Cook
in cross-lingual settings? — of the second RQ. The performance of supervised fine-
tuned GPT-4o is better than the Swaminathan and Cook baseline for cross-lingual
settings. Moreover, the performance of supervised fine-tuned GPT-40-mini is better
than the Swaminathan and Cook baseline except for ‘en’ and ‘en + pt’ experiment
settings when tested on Galician, indicating that supervised fine-tuning of both au-
toregressive models performs better than the approach of Swaminathan and Cook
in most cases that answers our second subquestion — Does supervised fine-tuning
of larger autoregressive models outperform the approach of Swaminathan and Cook
in cross-lingual settings? — of the second RQ. Moreover, our findings indicate that
autoregressive models often perform better than the approach of Swaminathan and
Cook, which answers the second research question — Do larger autoregressive models

outperform the approach of Swaminathan and Cook in cross-lingual settings?

The results also emphasize the challenges of cross-lingual transfer, particularly for
underrepresented languages like Galician. Our findings can be useful, particularly
in those languages where resources are very limited. Our cross-lingual setup can be
useful to learn idiomaticity information from resource-rich languages like English and
Portuguese and test it on examples from low-resource languages like Galician. More-
over, our prompting-based approach which does not rely on training data shows that
large autoregressive models like GPT-40 can be applied for low-resource languages
where training data is not available. Although GPT-40 demonstrates superior per-
formance across different experimental setups, GPT-40-mini offers a good trade-off

between performance and efficiency where computational resources are limited.
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5.2 PARSEME

Table 5.2 shows results for the PARSEME task in terms of F1 score, which has been
rounded to three decimal places. For each language and setting, the table compares
our fine-tuned model (GPT-40-mini) with the Swaminathan and Cook baseline [137].
In our monolingual (“Mono”) setting, we fine-tuned and tested GPT-40-mini in the
same language. In the “All” experiment setting, the model is trained on all the
training examples for 13 languages out of 14 languages.? In the “Heldout” setting,
we trained the model in all the languages except the target language, e.g., the Irish
“Heldout” model is trained in all languages other than Irish. We present results over
unseen instances based on the monolingual training and development data for each
setting when computing the unseen MWE-based F1 score (“Unseen” in Table 5.2).
This enables us to understand how well the model is performing on the MWEs that
are not seen during the training of the model. However, note that all test instances
are in fact unseen during training in the “Heldout” experimental setup. Nevertheless,
we maintain the same strategy to calculate unseen MWESs for the “Heldout” setting
to enable fair comparisons across the different experimental settings. In this section,
we first discuss the performance in the “Mono” experiment setting followed by the
“All” and “Heldout” settings. Then we answer the research questions by comparing
our results with the Swaminathan and Cook baseline. Finally, we conclude the
section with a discussion of performance on individual VMWE categories for the

“Heldout” setting.

In the “Mono” experimental setting for Irish, the performance of fine-tuned GPT-40-
mini for MWE, Token, and Unseen is 0.000, 0.015, and 0.000, respectively, indicating

the model could not predict any MWEs correctly. We further investigated the chal-

2Due to computational resource constraints, we excluded the Hindi language for the Irish “All”
experimental setting and Irish language for the Hindi “All” experimental setting. I.e., we use the
same models that were trained for the Hindi and Irish “Heldout” settings.
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GPT-40-mini Swaminathan and Cook
Baseline [137]

Lang Setting MWE Token Unseen MWE Token Unseen

Mono 0.000  0.015 0.000  0.311 0.465 0.210
ga All 0.425  0.455 0.418 0422  0.483 0.301
Heldout 0.349 0.387 0.352  0.111 0.133 0.069

Mono 0.598  0.633 0.501 0.729  0.785 0.504
hi All 0.673  0.695 0.570  0.759  0.796 0.549
Heldout 0.509 0.567 0.443 0376  0.452 0.278

Table 5.2: Performance (F1 score) on the PARSEME task on Irish (ga) and Hindi
(hi) for monolingual (“Mono”), “All”, and “Heldout” experimental settings. Bold
indicates better performance over the Swaminathan and Cook baseline in each eval-
uation category.

lenges of correctly predicting MWEs and trained the model again with 5 epochs.?
We found that training the model with more epochs improves the performance over
the original training setting.* This indicates that training for more epochs when
the number of training samples is small can improve the performance. In the “All”
setting for Irish, our model performs better than the Swaminathan and Cook base-
line for MWE by a very small margin (0.003) and unseen by a margin of 0.117,
but the performance for token (0.455) is lower than the Swaminathan and Cook
baseline (0.483). For Hindi, although the performance of our model in the “Mono”
and “All” experimental settings was not better than the Swaminathan and Cook
baseline for MWE and Token, the performance difference for unseen is quite small
with the Swaminathan and Cook baseline outperforming our model by 0.003 for the
“Mono” setting, while our model performs better on the “All” setting for the un-
seen evaluation measure by a margin 0.021. Moreover, training using examples from
13 languages improves the model performance for MWE, Token, and Unseen. This

suggests that using information from different languages can be more beneficial than

3We mainly train 3 epochs for the “Mono” experimental setting.
4The F1 score for MWE, Token, and Unseen for 5 training epochs are 0.222, 0.323, and 0.195
respectively.
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using only one language.

In the “Heldout” setting for both languages, our supervised fine-tuned models per-
form better than the Swaminathan and Cook baseline in all three evaluation mea-
sures. This finding shows that fine-tuned larger autoregressive models such as GPT-
4o-mini are better at identifying MWHEs than the Swaminathan and Cook baseline.
The answers to the second research question — Do larger autoregressive models out-
perform the approach of Swaminathan and Cook in cross-lingual settings? — as well
as the second subquestion — Does supervised fine-tuning of larger autoregressive mod-
els outperform the approach of Swaminathan and Cook in cross-lingual settings? — of
the second research question are therefore “yes”. To answer the first subquestion —
Does the prompting-based approach of the large autoregressive models outperform the
approach of Swaminathan and Cook in cross-lingual settings? — of the second ques-
tion, we ran the experiment using the prompting-based approach, however, GPT-40-
mini was unable to correctly predict a single MWE over the entire test set of both
languages, indicating that the answer to this research question is “no”. To answer
the first question — “Do larger MLMs outperform the approach of Swaminathan and
Cook [137] in cross-lingual settings?”, we also fine-tuned the larger MLM (XLM-R-
large) and obtained an F1 score of 0.001 for MWE-based in “Heldout” experiment
setting for Hindi, which is very low compared to the Swaminathan and Cook baseline

0.376). indicating that the answer to this research question is “no”.
( : g q

To better understand the performance on individual VMWE categories, we present
the results of each VMWE category for Irish in Table 5.3, where we again rounded
the results to three decimal places. In the PARSEME 1.2 [115] test data, Irish
does not have instances for multi-verb constructions (MVC) and inherently clitic
verbs (LS.ICV). In the “Heldout” setting for Irish, the best results are for full light
verb constructions (LVC.full) with an F1 score of 0.434, while the performance for

causative light verb constructions (LVC.cause), verbal idioms (VID), and full verb-
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Category Frequency Mono All Heldout

IRV 6  0.000 0.000 0.000
LVC.cause 74 0.000 0.244 0.078
LVC.full 137 0.000 0.563 0.434
VID 69  0.000 0.095 0.097
VPC.full 20 0.000 0.237 0.262
VPC.semi 13 0.000 0.000 0.000
MVC 0 0.000 0.000 0.000
[AV 117 0.000 0.164 0.000
LS.ICV 0 0.000 0.000 0.000

Table 5.3: Frequency of each VMWE category for Irish along with the MWE-based
F1 score for each experiment setting.

particle constructions (VPC.full) are 0.078, 0.097, and 0.262, respectively. However,
despite our model outperforming the Swaminathan and Cook baseline in the “Held-
out” setting, our model could not correctly predict any inherently reflexive verbs
(IRV), semi verb-particle constructions (VPC.semi), or inherently adpositional verbs
(IAV). Moreover, some of the IAV MWESs were correctly predicted in the “All” set-
ting. This could be due to Italian training data containing IAV examples (324) that

improve overall performance.

The results for each VMWE category for Hindi are shown in Table 5.4. Hindi test
data do not have instances for IRV, VPC.full, VPC.semi, IAV, and LS.ICV. As
a result, the model performance has been impacted due to these missing VMWE
categories. For example, although the IRV category was not present in Hindi test
data, IRV was predicted in the “Heldout” experiment settings. The best result for the
“Heldout” setting is for LVC.full, while the performance on LVC.cause and VID are
0.189 and 0.113 respectively. Moreover, LVC.cause is only correctly predicted in the
“Heldout” experimental setting. Although the best result in the “All” experimental

setting is for MVC, the model could not correctly predict any MVCs in the “Heldout”
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Category Frequency Mono All Heldout
IRV 0  0.000 0.000 0.000
LVC.cause 23 0.000 0.000 0.189
LVC.full 406  0.617 0.667 0.639
VID 39  0.000 0.196 0.113
VPC.full 0  0.000 0.000 0.000
VPC.semi 0  0.000 0.000 0.000
MVC 205 0.463 0.721 0.000
[AV 0  0.000 0.000 0.000
LS.ICV 0  0.000 0.000 0.000

Table 5.4: Frequency of each VMWE category for Hindi along with the MWE-based

F1 score for each experiment setting.

setting. This could be because MVC is not a common type of MWE in the other
languages. Although the Chinese training data contain a large amount of MVC

examples, it does not appear to help the model to learn the MVC category for the

“Heldout” setting.
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Chapter 6

Conclusions

Multiword expressions (MWESs) pose a substantial challenge in NLP due to their
idiomatic nature, making them difficult to interpret based solely on the meanings of
their individual component words. Identifying MWESs is important to improve the
performance of downstream NLP tasks such as machine translation, where failing
to recognize idiomatic expressions can lead to literal and incorrect translations, and
sentiment analysis, where failing to capture idiomatic expressions can lead to inter-
preting sentiment incorrectly. Although MWE identification in monolingual contexts
has advanced significantly, limited work has been done on cross-lingual MWE identi-
fication, particularly in the “zero-shot” setting [39, 137], in which models are applied
to languages that were not seen in training. In this thesis, we studied cross-lingual
settings for the SemEval 2022 Task 2 Subtask A and PARSEME 1.2 shared tasks.
Additionally, we investigated whether using additional training data from other lan-

guages could improve model performance.

The first research question that we investigated is Do larger masked language models
(MLMs) outperform the approach of Swaminathan and Cook [137] in cross-lingual

settings? Our findings in Table 5.1 indicate that larger MLMs for the SemEval data

29



could not perform consistently better than the approach of Swaminathan and Cook,
especially on Portuguese and Galician when trained on English, but performed better
on English when trained on Portuguese using XLM-R-large. Moreover, our approach
using mT5-base could not perform better than the approach of Swaminathan and
Cook. Similarly, larger MLMs could not perform better on the PARSEME task.
Then, we investigated the second research question that is Do larger autoregressive
models outperform the approach of Swaminathan and Cook in cross-lingual settings?
To address this research question, we also explored two more research questions,
which are “Does the prompting-based approach of the large autoregressive models
outperform the approach of Swaminathan and Cook in cross-lingual settings?” and
“Does supervised fine-tuning of larger autoregressive models outperform the approach

of Swaminathan and Cook in cross-lingual settings?”.

Our findings show that the prompting-based approach often performs better than
the approach of Swaminathan and Cook on the SemEval task using GPT-40, par-
ticularly on English and Portuguese, but not using GPT-40-mini. However, super-
vised fine-tuning of both autoregressive models performs better than the approach
of Swaminathan and Cook in most cases, but not using GPT-40-mini when trained
on English and “English 4+ Portuguese” and tested on Galician. Moreover, the
prompting-based approach for the PARSEME task could not perform better than
the approach of Swaminathan and Cook. However, supervised fine-tuning of large
autoregressive model performed better than the approach of Swaminathan and Cook

in cross-lingual experiments.

Future research can explore several directions, including hyperparameter optimiza-
tion, extending supervised fine-tuning of autoregressive models to cover all languages
in the PARSEME 1.2 task, investigating cross-lingual transfer learning techniques
to enhance MWE identification across diverse linguistic settings, investigating mul-

timodal idiomaticity prediction in multilingual settings, and leveraging large open-
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source autoregressive models for improved generalization.

Hyperparameter optimization could be a future direction for the PARSEME task,
including the number of epochs, batch size, and learning rate. For example, we
noticed that an increasing number of training epochs performs better in the “Mono”

setting for Irish in the PARSEME task.

We intend to test our models in the cross-lingual setting on the remaining lan-
guages of PARSEME edition 1.2, as well as the recently released PARSEME edi-
tion 1.3 shared task [125] that presents several changes and improvements over the
PARSEME edition 1.2 shared task. The datasets for Chinese, Greek, and Swedish
have been expanded with additional instances, and new languages such as Arabic
and Serbian have been introduced. Moreover, PARSEME 1.3 improves the dataset
by including sentences with previously excluded MWE types (e.g., inherently adpo-

sitional verbs (IAVs)) in languages such as Croatian and Romanian.

Another prominent research direction could be multimodal idiomaticity prediction
in the multilingual setting. Recently, Pickard et al. [105] proposed a shared task
on advancing multimodal idiomaticity representation in multiple languages, which
could be utilized for cross-lingual multimodal idiomaticity prediction employing both

textual and visual features.

Although our study includes large closed-source autoregressive language models
(such as GPT-40 and GPT-40-mini), we plan to extend our model choices to open-
source models (such as Llama 3, Mistral Large Instruct 2407, etc.) to understand
the cross-lingual capabilities of these models. These models have shown state-of-
the-art performance on various downstream multilingual tasks, including reasoning
and machine translation [49]. As a result, we would like to evaluate these powerful
for MWE identification. Furthermore, the study by Brown et al. [17] demonstrated

that language models are few-shot learners. Therefore, we plan to use in-context
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few-shot techniques using large autoregressive models for the MWE identification
and idiomaticity prediction tasks. This approach aims to improve model adaptabil-
ity while significantly reducing the computational costs associated with supervised

fine-tuning [83], making it a more efficient and scalable solution.
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