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Abstract

This thesis explores the concept of detecting non-literal phrases using Large Language
Models (LLM) such as GPT-4 and Gemini Pro, as well as Recurrent Neural Networks
(RNN), LSTM and BiLSTM models in particular.

Through a series of individual experiments and cross-validations, it was discovered that both
LLMs demonstrated satisfactory capabilities in identifying idiomatic expressions with
degrees of variance across sentences. Additionally, it was observed that Gemini Pro slightly
outperformed GPT-4 in the separate validation based on precision and recall. Gemini Pro
scores highest for testing on 95% of precision and 81% of recall. GPT-4 scores highest for
precision at 87% and for recall at 88%. During cross-validation, however, GPT-4 improved
whereas Gemini Pro’s precision became worse. GPT-4 scored 88% for precision and 90% for
recall, whereas Gemini Pro became worse for precision, scoring 83%, however improved for
recall scoring 95%.

In terms of RNN, the BILSTM-RNN outperforms the LSTM-RNN in the idiomatic detection
task by a significant margin by scoring 95% in precision and 90% in recall compared to its
counterpart achieving 79% in precision and 25% in recall, proving that a bidirectional
approach is better suitable for working with sequential data such as idiomatic expressions.

To summarize, it has been shown that specialized model architectures such as LSTM modules
are preferable when working in the domain of idiomatic expression detection to
general-purpose LLMs.
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1. Introduction

“If natural language had been designed by a logician, idioms would not exist”
— Cristian Cacciari & Patrizia Tabossi, 2014

Language often consists of implied information that is difficult to detect, especially within
NLP. Idioms are problematic in this sense since their literal meaning does not represent their
figurative meaning. Idioms are not a homogenous class, expressions are ambiguous between
a literal and an idiomatic interpretation (Peng & Feldman, 2017).

For native speakers of any language, idiomatic expressions may not be fully comprehensible
in terms of why they are structured in this particular way, but their meanings are understood
when spoken, heard, or seen. Whereas, for people learning a new language, any idiom might
cause stupefaction (Cacciari & Tabossi, 2014).

Nevertheless, it is not only individuals who experience difficulties understanding idioms.
Machine Translation (MT) systems have also been reported to face challenges in accurately
translating idiomatic expressions from one language to another. One of the primary causes of
this translation failure is the approach of translating non-literal phrases literally rather than
logically (Anastasiou, 2010).

This chapter covers the following parts: the problem statement in the field of research and the
motivation behind the study. It elaborates on the research questions, the focus and objective
of the study, as well as the scope and its limitations. Lastly, the thesis organization is
presented.

1.1 Problem Statement and Motivation

Drawing upon years of research and development that is covered in Chapter 2.2.1 Previous
Approaches to Idiomatic Language Detection, it becomes evident that the study of automatic
idiomatic expression detection and classification continues to be a significant and
ever-growing field. Despite considerable efforts to identify non-literal expressions and the
integration of machine learning models with diverse linguistic corpora, approaches,
knowledge bases, and neural networks, it is observed that while models exist, they may lack
features such as scale, context awareness, or the incorporation of neighboring words or
sentences, rendering them less robust.

Even though the research on idiomatic expressions has been improved, it is still
under-investigated and is a laborious task for NLP.



However, idiomatic expressions are an important part of our human languages, besides that
they carry specific information about cultures and reveal information about cultures and
languages. Therefore, it is important to conduct further research and improvement on the
topic of idiomatic expressions in NLP.

The research underscores the capabilities of Natural Language Processing technologies in
managing complex linguistic tasks such as the detection of idiomatic expressions. The
success of language models like GPT-4 and Gemini Pro, as well as the contemporaneous
investigation of Deep Neural Networks (DNNs) for the same task, demonstrates the evolving
sophistication of NLP and Al in comprehending contextual nuances. This represents a
fundamental step towards more precise and culturally sensitive translations and
communications.

Specifically, the use of idiomatic expression detection can be significantly leveraged in the
machine translation area, where idioms pose translation challenges as their meaning cannot
be derived literally. The research has promising ramifications for enhancing subtitle
translations More accurate rendering of idioms can help bridge cultural divides and enhance
the entertainment experiment for non-native speakers.

Secondly, the detection of idiomatic expression finds utility in language learning and
education, where idiom detection tools could be integrated into language learning software to
provide definitions and examples of idiomatic expression instances in context, enhancing
language comprehension. Additionally, such tools can direct learners' attention to idioms,
expanding their vocabulary and developing an understanding of creative language usage.

Content moderation is another domain that can benefit from the detection of idiomatic
expressions. Some forms of sarcasm or harmful language rely on idiomatic expressions,
hence proper detection tools can help moderators identify nuances for a more comprehensive
review process. Misinformation filtering constitutes another facet of content moderation.
Idiomatic expressions can be exploited to disseminate misleading ideas, as highlighted in
prior research. The detection of such idioms can contribute to curbing misinformation and
safeguarding online communities (Tahayna & Ayyasamy, 2023).

Areas that circle around sentiment analysis could also benefit from using idiomatic
expressions detection tools, as idioms often convey sentiment strongly (e.g., “over the

moon”, “pulling the leg”). Accurate detection helps in gauging customer feedback, social
media trends, and overall opinions expressed online.

Finally, the communicative ability of chatbots and virtual assistants can be enhanced through
the comprehension of idioms. By leveraging idiom detection, chatbots and assistants can
assume more human-like and less robotic characteristics in their interactions. Moreover,
idiom recognition enables chatbots to generate appropriate responses or provide assistance
that aligns with the user's intentions.



The utilization of GPT-4 and Gemini Pro, as well as the construction of (Bi)LSTM-RNN:S,
may find its applicability in various spheres.

By incorporating idiom-aware models into industry applications, it becomes possible to
deliver translations that are more accurate and culturally sensitive which highlights a critical
aspect of global business and communication.

Furthermore, the accurate interpretation of idioms in reviews, social media posts, and
customer feedback enables a deeper understanding of genuine sentiment and opinions of
users, allowing companies to gain valuable insights into customer preferences and
satisfaction, which can inform recommendations and targeted marketing strategies.

Idiomatic expressions are an element of every language. However, it is pertinent to note that
idioms have garnered a reputation for being particularly challenging in the realm of
translation. Some scholars have even gone so far as to characterize idiomatic expressions as
one of the most arduous elements to work with (Adelnia & Dastjerdi, 2011).

Not only can one use idiomatic expressions to express the same idea in a different way of
phrasing it, but by using idioms, one risks creating an additional level of complexity to a
sentence or text as a whole. Many idiomatic expressions are tied to cultural aspects of people
who share the same language. Consequently, when faced with translation tasks, it becomes
more likely that one may seek to discover the pragmatic equivalent of an idiomatic
expression rather than opting for a literal, straightforward rendering in the target language
(Adelnia & Dastjerdi, 2011).

Among the scholarly contributions to the field of translation, one research study notably
highlights the following: "The level of difficulty of a passage is indicated by several
characteristics, such as the requirement for conceptual understanding, syntactic complexity,
the use of subordination over coordination, the register, style and tone, idiomatic expression,
lexical sophistication, the need for changed format from one language to another" (Hale &
Campbell, 2002: 14).

Skobo and Perti¢evi¢ (2023) have concluded that there are still aspects of language such as its
figurativeness and metaphors that possess certain challenges in idiomatic expression
detection, wherein the best course of action is to create a collaboration between Al and
human capabilities to produce the best result possible.

Therefore, this research aims to delve into the comparative exploration of Neural Networks
(NN) and Large Language Models (LLMs) in the context of automatic idiomatic expression
detection within sentences.

With respect to the motivations underpinning the present study, it is worth emphasizing that
developing a system capable of detecting idiomatic expressions swiftly and accurately
contributes to the advancement of precise automatic machine translation. By creating a



program that can identify idiomatic expressions in a sentence, passage, or entire document, it
becomes possible to anticipate whether automatic machine translation devices can be
successfully employed for the selected text and whether the anticipated quality of translation
will be met. Alternatively, it may be prudent to revert to a time-tested method, namely
manual human translation.

The focus of the thesis will lay solely on idiomatic expressions and their improvement in
NLP. Zeng and Bhat, 2021, point out that idiomatic expressions are classical challenge tasks
in Natural Language Processing (Zeng and Bhat, 2021).

Additionally, idiomatic expressions can serve as a form of harmful language. The utilization
of models trained to parse figurative language can address issues such as hate speech,
cyberbullying, and other forms of harmful content.

In the context of academia, the application of idiom-aware models enables the analysis of the
prevalence, evolution, and cultural significance of idioms within texts.

Moreover, the study of how models process idioms offers insights into the mechanisms of the
human brain in comprehending figurative language.

Lastly, models trained on idiom-rich datasets can assist language learners in understanding
the nuances of non-literal expressions and provide personalized feedback.

1.2 Research Questions

1. To what extent is it possible to apply a Large Language Model (LLM) (GPT-4 &
Gemini Pro) and Deep Neural Networks (DNN) (LSTM-RNN & BiLSTM-RNN) for
the purpose of classifying sentences based on the presence of idiomatic expression?

2. Taking into consideration the application of LLMs in the detection of idiomatic
expressions, is it possible to distinguish between the chosen LLMs based on their
performance in accomplishing the task?

3. How well do the DNNs perform in the task of idiomatic expression detection and does
one prevail over the other?



1.3 Objectives & Limitations of the Study

In this thesis, the main focus is on idiomatic expressions that are difficult to translate and
their detection, since this is a core topic for the company the research is conducted with. The
company is Plint AB - a Gothenburg-based subtitling and localization company. We focus on
this core topic in the chapter Idiomatic Expressions.

The objective is to develop an approach for assessing sentences, paragraphs, or entire texts to
ascertain the feasibility of automatic translation with respect to the presence or absence of
idiomatic expressions.

The objective is to develop a system capable of classifying sentences based on the presence
or absence of idiomatic expressions. Furthermore, the research delves into the
implementation of two LLMs - GPT-4 and Gemini Pro to perform an idiomatic expression
classification task. Lastly, the research focuses on the development of Long Short Term
Memory networks, that are part of RRNs for accomplishing the same task.

This research also encompasses a comprehensive exploration of prior research in the field,
including model development and evaluation. The aim is to assess the performance of the
developed model and contribute to the broader understanding of automatic non-literal
expression detection utilizing Machine Learning (ML) and LLM techniques.

The scope of the master thesis will lay on the detection of English idiomatic expressions. The
detection will focus on idiomatic expressions in subtitles using LLMs and DNNSs.

For the mentioned research, two datasets containing stochastically chosen subtitles have been
created and each subtitle is annotated as either containing idiomatic language or not.

Using the LLM approach the models will be tested and through prompt engineering
optimized to give the best possible results. For the LLMs, we drew on ready-made models.

The RNNs are built, trained, and tested on local computers. Additionally, the LLMs are
implemented and prompt engineered on local computers. The RNNs will be trained on a new
dataset, and tested on the same dataset that is used for testing the LLM models. We will use
these two approaches to investigate if the sentences contain idioms or not. After using the
approach with LLMs to detect idiomatic expressions in the dataset, there will be an RNN
approach used for detecting idiomatic expressions.

The research presents several contributions to the field of NLP, specifically in the area of
idiom detection in human language.



The experimentations conducted on Gemini Pro may be presented as an early benchmark for
implementing one of the LLMs in the Gemini Family in the context of figurative language
detection.

Although Gemini Pro is a recent Al model introduced by Google, it is not considered the
most capable model in the Gemini series. Gemini Pro was chosen for comparison because, as
of March 2024, it is the only publicly available model suitable for comparative analysis.

Another limitation of Gemini Pro is the restriction on output tokens. This poses challenges in
comprehensively evaluating its capabilities relative to models like GPT-4, which provide
more extensive output generation.

This thesis will not elaborate on the usage of idiomatic expressions in translating or
subtitling. Consequently, the findings are solely relevant to English-based domains, and the
research might be inefficacious in capturing the subtitles of idiomatic expressions in other
languages.

With particular reference to the RNN approach, it is important to note that the models have
only been trained on the English language corpus. Consequently, neither of the RNNs will be
able to successfully detect non-idiomatic or idiomatic expressions in any other language
unless they are trained on a new dataset that includes that specific language.

The research is further constrained by the quantity of data which is discussed in Chapter 3.5
Data Collection, utilized for experimentation. To obtain a more comprehensive understanding
of LLM and RNN capabilities in capturing idiomatic expressions, it would be advantageous
to gather additional examples of non-idiomatic and idiomatic instances.

The dataset employed in the research comprises sentences from TV shows produced in
various English-speaking countries. However, idiomatic expressions can exhibit significant
variation across countries. By accumulating more data, the research has the potential to
capture a broader spectrum of non-idiomatic and idiomatic expression instances from diverse
domains, resulting in enhanced model performance.

1.4 Thesis Organization

This paper is a master thesis in the field of Computational Linguistics. It will contribute to the
field of Computational Linguistics/Language Technology.

It will line up with topics using LLMs and RNNs and topics about the detection and
classification of sentences containing idiomatic expressions.



Starting with the chapter on previous approaches to idiomatic expression detection, it will
elaborate in its subchapter about rule-based methods and machine learning approaches.
Following up, challenges on idiomatic expression detection are being elaborated on. Lastly,
we present our own definition of idiomatic expressions. The background chapter concludes
with the topic of a gap analysis.

Chapter 3 will cover the theoretical framework, which includes the introduction and overview
of the models for the LLM approach. The chapter covers the subchapters on GPT Al and
Gemini Pro. Furthermore, this chapter covers the topic of prompt engineering, and its
subchapters on GPT Prompts and its setup and Gemini Pro prompts and its setup. Next, the
DNN approaches with their subchapters on the overview of RNNs and LSTMs in general, the
model architecture, and the selection criteria, will be presented. Lastly, the data collection and
security concerns will be covered.

Chapter 4 includes the performance metrics, the comparison between LLM and the RNN, and
lastly, the analysis of the results.

Chapter 5 contains the conclusion passage, future research propositions, and covers the
ethical part of the research highlighting the use of the data implemented in the research and
its global impact in terms of carbon dioxide emission levels.

The appendices contain the following components: Appendix A contains separate and
cross-validation results of LLM’s. Appendix B contains GPT-4’s prompts and settings and
Appendix C contains Gemini Pro prompts and settings. Appendix D contains the
unidirectional model’s training results and Appendix E contains the bidirectional model
training results.

10



2. Background

The following chapter highlights the previous research in the field of idiomatic expression
detection in NLP, followed by two subchapters focusing on rule-based methods and
machine-learning approaches.

Afterward, challenges in idiomatic expression detection are presented. Then it will focus on
the definition of idiomatic expressions followed by the outline of importance for NLP.
Lastly, the chapter will conclude with a gap analysis.

2.1 Idiomatic Expressions

Idiomatic expressions consist of a literal and a figurative meaning. Pokharel & Argawal
(2023) point out that idiomatic expressions are therefore challenging since there needs to be
an understanding of these phrases on the whole. Furthermore, as Imran et al (2023) point out,
using figurative language is common in everyday life. They differentiate between three
categories of figurative speech: (1) metaphors, (2) idioms, which this thesis will focus on, and
lastly (3) personification (Imran et al, 2023: 1).

Furthermore, idiomatic expressions are a component of multiword expressions. Gantar et al
(2018: 138 & 139) define multiword expressions (MWE) as fundamental for human
languages and that MWEs are part of the mental lexicon. MWEs are important in linguistic
research in NLP, for example, for “[...] machine-readable MWE lexicons [...]”. MWEs consist
of a minimum of two-word parts.

Sag et al (2002) state that multiword expressions appear in every genre and are difficult for
any type of NLP. They state a so-called “idiomaticity problem”, where they lay out the
problematics of phrases like “kick the bucket”, which has a distinctive meaning than the
words bucket, kick, and the on their own. To treat multiword expressions as only words,
which have spaces will cause a “flexibility problem” (Sag et al. 2002: 2).

Pokharel and Agrawal (2023), proclaim that idiomatic expressions are a universal feature of
human-spoken languages. Furthermore, they express that idiomatic expressions transmit "[...]
emotions, cultural references, and implied meanings." (Pokharel & Agrawal, 2023: 1).

Tedeschi and Navigli (2022), note that it is challenging to interpret the components of idioms
since these are "[...] lexically-complex phrases [...]" (Tedeschi & Navigli, 2022: 204).
Additionally, they state that idioms are nonetheless under-investigated, even though the
automatic understanding and identification in NLP works have improved.

Moreover, Tyasrinestu and Ardi, 2020 define idiomatic expressions as being used for the
description of "[...] things or conditions [...]" (Tyasrinestu & Ardi, 2020: 37), which are
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challenging to explain with simple words. Besides, idiomatic expressions carry a close
relationship of identification with a specific culture and language.

2.2.1 Previous Approaches to Idiomatic Language Detection

When it comes to previous research on the detection of idiomatic expressions, a plethora of
studies have been conducted. Feldman & Peng (2013), it is highlighted that there are two
approaches that one can take to detect an idiom:

1. Type-based extraction as in containing linguistic features that distinguish idiomatic
expressions from literal expressions.

2. Token-based detection as in using the context that surrounds a possible idiom to
detect whether it is truthfully an idiom or a literal sentence.

Concerning type-based extraction, the mentioned approach is based on the idea that idioms
possess certain linguistic properties that can help one distinguish them from other sentences.
The properties are the following:

1. Lexical Fixedness: Such property states that an idiom is set to follow only its designed
form, as in it is not possible to say “a cat’s breakfast”, when, in fact, the original
idiomatic expression is “a dog’s breakfast” (Fazly et al., 2009; Sag et al., 2002).

2. Syntactic Fixedness: Feldman and Peng draw an example that one can say “The guy
kicked the bucket” meaning that the mentioned guy passed away, while it is
impossible to say “the bucket was kicked” and still expect the sentence to convey the
same meaning (Feldman & Peng, 2013).

3. Non-Compositionality: When it comes to idioms, their meanings are not constructed
based on the conventional meanings of their words (Baron, 2007). Nonetheless, it is
worth mentioning that although many idioms fall under the definition of being
non-compositional, some idiomatic expressions are analyzable to some extent
(Feldman & Peng, 2013).

Nonetheless, a number of researchers including Fazly et al. (2009) have found that using a
type-based approach might not always work as most of the time the understanding of the
expression might depend on the context surrounding the idiom.

In their work, Katz & Giesbrecht (2006) focused on calculating vector-similarity between
distribution vectors by taking into account local linguistic context to prove that low cosine
similarity did represent the fact of correlation between the score and the non-compositionality
of the idiomatic expression.

12



Additionally, Birke & Sarkar (2005) explored the idea of using a clustering approach to
detect nonliteral linguistic examples under semi-supervised recognition. They presented a
system named TroFi (Trope Finder) that could automatically detect verbs that were used in a
literal or nonliteral context. The system worked by using sentential context which means that
they looked at the meaning of the example in terms of placing words, phrases, and classes in
a particular order.

Taking into account that most of the aforementioned findings represent the timeline before
2013, it is paramount to mention discoveries produced after that.

Tahayna & Ayyasamy (2023) were conducting a sentiment analysis experiment using deep
learning approaches and BERT (Bidirectional Encoder Representations from Transformers).
The experiment was realized to help medical workers by showcasing tweets that contained
idiomatic expressions that might have been spreading malignant information about
COVID-19 on X (former Twitter).

Enlarging the scope of previous research besides the English language, in the same year, three
researchers developed a model for the idiomatic expression recognition for the Amharic
language using a CNN (convolutional neural network) with a FastText embedding model.

Moreover, the authors Endalie et al. (2023) compared the performance of their model to such
models as K-Nearest Neighbor (KNN), Support Vector Machine (SVM), and Random Forest
classifiers.

The last case of using LLMs in idiomatic expression detection tasks highlights the
experiment of discussing how much figurative language in the Software Engineering field
can affect the understanding of developer communication. The study conducted by Imran et
al. (2023) uses LLMs such as BERT, RoBERTa, and ALBERT to detect metaphors and
idiomatic expressions in comments left in channels related to Software Engineering on
GitHub.

Furthermore, Tien-Ping & Jia Jun (2021) point out that idioms are part of multiword
expressions and cannot be analyzed literally and propose difficulties for machine translation.
Additionally, texts that contain idioms are getting translated badly, even with the most
modern machine translation model. The reason for this is the limited availability of texts with
idioms, therefore the machine has difficulty detecting idioms to translate them accurately,
meaning, the idiom will get translated verbally and the idiom loses its intended meaning.

Idioms play a crucial role in NLP, and as stated by Verma & Vuppuluri (2015) they exist in
most languages. As stated by Goshkheteliani (2013) idioms are tied to the language they are
used in. Idioms are ambiguous because they can have a literal as well as a figurative meaning.
Idioms can therefore be classified as formulaic language. Idiomatic expression and its
identification is a challenging task in machine translation and therefore also in NLP. The
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main challenge for machine translation is their detection in the first place, and their
identification in figurative and literal usage (Fathima & Raseek, 2018).

Much work has been done to recognize multiword expressions, which include idiomatic
expressions. Cook et al (2007) mention that the detection of idiomatic expressions might have
been successful, however, tokens of multiword expressions could be part of an idiom or could
be seen literally. Therefore, it can be a goal in NLP systems that they cannot only recognize
idiomatic expressions (types) and include them in a lexicon; it could go even further and
recognize the usage (tokens) of an idiomatic expression as literal or idiomatic, for proper
handling of an array of words (Fazly et al, 2009).

Fazly et al (2009) state that most idioms are flexible and create variability in usage, like
Shoot the Breeze, they can be viewed as phrasal idioms. They allow some kind of flexibility,
like shooting the breeze. In addition, Li et al (2023) propose that the figurativeness of
idiomatic expression is a challenging task for language models, especially for machine
translation. “Phrase-based” (Li et al 2023: 1) machine translation methods do not incorporate
information on idioms, leading to low translation outcomes. Idioms are treated by machine
translation as unity expressions, which results in literally translated idioms. Translating
idiomatic expressions literally misses the idiomatic meaning and the meaning that should
have been portrayed.

Liu et al (2023) focus on sayings and proverbs. They state that pre-trained LLMs neglect the
understanding of common ground in NLP. Sayings are fixed expressions, grounded in a social
culture and experience. They assume that recollection of fixed expressions is correlating with
the knowledge of LLMs in meaning or usage. Models have knowledge about proverbs;
however, it is not clear if the recollection of these results shows improved reasoning using
proverbs in a given context. Furthermore, they state that the size can affect the task - “[...] the
bigger the model is, the better it performs on the inference task [...]” (Liu et al, 2023: 6).
However, in the sense of understanding of figurative proverbs, less recollection might give
the chance to an improvement on abstract reasoning by the LLMs.

Shutova (2010) covers the topic of metaphors as having received fewer attempts in NLP than
other topics. Metaphors are based on analogy, making implications of common characteristics
between concepts. The first attempts at automatically identifying and interpreting metaphors
in texts have been done starting by Wilks (1978) and continuing by Fass (1991). The latter
developed a system of discriminating between metonymy, metaphor, anomaly, and literalness.
Furthermore, Martin (1990) presents MIDAS (Metaphor Interpretation, Denotation and
Acquisition System), working with conventional metaphors. The system identifies
corresponding metaphors in its databases.

The other big approach for the detection of idiomatic expression is an unsupervised method

(Skvorv et al, 2021). For example, Sporleder and Li (2009) use “lexical cohesion” for the
detection of idiomatic expressions. Furthermore, Liu and Hwa (2018) compare word
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occurrences to a predefined group of words that appear often besides the literal usage of
words to indicate if a word has been used literally or not.

Even though larger datasets exist, there can still be a problem with the aforementioned
approaches: since there is a lack of broad annotated datasets to be used for training
classification models. It is essential for classification approaches to have lists of phrases of
idiomatic expression since a classifier is trained on these. Present approaches take no notice
of idiomatic expressions that are not part of a training set.

Consequently, the following two subsections highlight the use of two preferred methods in
the task of idiomatic expression detection.

2.2.2 Rule-Based Methods

When it comes to rule-based methods, they entail the creation and implementation of explicit
linguistic rules or patterns to analyze and process certain parts of a language or language as a
whole. Additionally, rule-based methods are used for coding natural language words into
their classes or parts of speech (Klein & Simmons, 1963; Loftsson, 2008).

One of the examples of rule-based approach execution is described in an MA thesis presented
by Tanmai Khanna. In 2021, a way of using a rule-based approach to simplify certain parts
of sentences before passing them to a machine translation device was proposed. The main
goal was to simplify and produce a more accurate translation between English and Hindi. Her
motivation behind this approach is the following, “To improve the translation adequacy of
non-compositional constructions, I propose a rule-based pre-processor that detects these
constructions in the input sentence and simplifies them into more compositional constructions
- which are far more likely to translate adequately” (Khanna, 2021, p. vi).

Her creation consisted of the Left Hand Side (LHS) and the Right Hand Side (RHS). The first
part of the processor was responsible for processing sentences and detecting parts of them
that would have to be altered based on the rules that had been assigned beforehand. RHS
carried a replacement function meaning that once LHS marked a part of the sentence as
potentially ambiguous, RHS altered it to create a more straightforward representation of the
same sentence (Khanna, 2021).

Unfortunately, just as the method has been proven to be useful in certain tasks, it is still not
considered to be perfectly applicable to all the tasks. Just as it is based on rules created for
many instances in a language, these rules might not be flexible enough to detect all the
desired patterns. Albeit, creating new rules and enlarging the scope of already developed ones
might enhance the quality of rule-based methods, nonetheless, one questions whether the
creation of new rules will cause disturbances in the applicability of previously established
rules, resulting in invalidating them (Plisson et al., 2004).
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An example of a possible rule failure might be extracted from Amir Shojaei’s research. As
stated in his paper, “Although most idioms resist variation in form, some are more flexible
than others” (Shojaei, 2012). An example of a BBC reporter is presented. When quoting a
conference speaker, the reporter said “There was too much buck passing”. Although the
commonly recognized form is “pass the buck”, the reporter was still understood and their
sentence still contained an idiomatic expression.

Alas, if the aforementioned sentence had been passed into a rule-infused approach, the
sentence might not have been recognized and processed correctly as rules for such a variation
would not have been established; therefore, the question of whether a rule-based approach is
well-suited for idiomatic classification tasks arises.

2.2.3 Machine Learning Approaches

As stated by Nicholson (2017), Deep Learning (DL) is a subset of Machine Learning (ML),
which is a subset of Artificial Intelligence (AI). As Nichols, James, and Hsien stated in 2018
using the words of Nicholson, “They are best described as a set of Russian dolls nested
within each other, beginning with the smallest and working out” (Nichols et al., 2018, p. 5;
Nicholson et al., 2021).

Today’s age is set to be described as the rise of machine learning. Various fields use machine
learning algorithms and techniques to perfect research, approaches, and functions. ML has
found its way into medicine, enhancing decision support tools and postoperative outcomes,
and changing the organization in operating rooms. ML is applicable in surgeries that rely on
heavy use of technology, such as spinal surgery (Chang et al., 2020). Additional
implementations of ML in medicine highlight the use of ML algorithms in predicting pitching
arm kinetics and general diagnosis (Nichols et al., 2018; Nicholson et al., 2021).

However, medicine is not the only field of professional work that has welcomed the use of
ML. Aaron Tuor, Samuel Kaplan, and Brian Hutchinson talked about using an online
unsupervised deep learning approach to discover abnormalities in network activity to enrich
the cybersecurity field for companies (Tuor et al., 2017).

Amin et al. (2021) worked on detecting non-literal expressions in German song lyrics by
using a random forest classifier, which is a supervised machine-learning algorithm that can be
applied to classification as well as regression tasks. By producing gradual intensities of
semantic non-compositionality of idiomatic expressions, their fixedness, and usage context,
they managed to achieve “state-of-the-art classification performance” (Amin et al., 2021, p.
20). Alas, the research has also been presented with limitations. Their algorithm is not
deemed to be successful when it comes to idiomatic expressions that contain only one content
word, or when one deals with newly appeared non-literal expressions (Amin et al., 2021).
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Another way of detecting idiomatic expressions using Support Vector Machine (SVM) and
Naive Bayes classifier approaches was proposed by Briskilal and Subalalitha in 2021. The
paper compared which of the approaches would be more suitable for a binary classification
based on whether a text contained idiomatic expressions or not. Having judged the results, it
has been concluded that the SVM approach performed better resulting in scoring 0.76
precision. The results have been interpreted based on the way the authors’ dataset was
structured and the way the Naive Bayes classifier worked. If a certain entity was not present
in the training dataset, but was passed to the NB classifier with the test dataset, the classifier
would assign that entity a lower probability, which resulted in having the results mentioned
above. Additionally, the authors mentioned that they had used a linear SVM which was more
compatible with tasks related to binary classification (Briskilal & Subalalitha, 2021).

In their research, four scholars used a fine-tuned version of Bidirectional Encoder
Representations from Transformers (BERT) fused with four different datasets to detect
non-literal expressions. Their result scored more than 94% in accuracy proving that, with
additional fine-tuning based on the task, the chosen model could be successfully
implemented in detecting idiomatic expressions in the English language (Gamage et al.,

2022).

Lastly, carried out by Briskilal et al. (2023) was a method focused on using Deep Learning
Models in comparison to traditional ML approaches to detect idiomatic expressions in the
Telugu language developed by five researchers. They used a combination of three deep
learning models, which were M-BERT, XML-ROBERTA, and the Simple Average Ensemble
Model, and four ML models — Naive Bayers, Logistic Regression, SVM, and the Stacked
Ensemble Model. Additionally, they administered a dataset containing 1040 sentences that
were accompanied by both literal and figurative applications of various idiomatic
expressions. The results concluded that the stacked ensemble model performed better than the
other three models, but not by much, scoring 0.82, 0.76, 0.8, and 0.81 in accuracy
respectively. Speaking about the deep learning models, the Simple Average Ensemble Model
outperformed the other two models as well, scoring 0.86 in accuracy.

2.3 Challenges in Idiomatic Expression Detection

While idiomatic expressions are set to be a crucial part of every language, they can be
difficult to acquire in language acquisition and natural language processing (Adelnia &
Dastjerdi, 2011). When dealing with non-literal sentences, one should keep in mind the
following challenges when making one’s work revolve around idioms.

1. Non-literalness

Despite the potential for individual translation of each word within an idiomatic expression,
the cumulative meaning cannot be adequately conveyed through this approach. Conversely,
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when considering the idiom as a cohesive unit, it is essential to strive for the translation of the
entire set of words as a whole to accurately capture the intended meaning of the expression
(Liontas, 2017).

2. Variability & Diversity
Given all languages, it is reasonable to look closer at idiomatic expressions. Building upon
the BBC reporter example presented by Shojaei, it becomes evident that the traditional
interpretation of an idiomatic expression can be modified while still conveying the intended
meaning. However, it is important to acknowledge that this altered form may pose a
comprehension challenge for non-native speakers and machine translation systems alike.

3. Context Comprehension
The interpretation and successful comprehension of a non-literal expression are inextricably
linked to the context in which the aforementioned expression is situated. An understanding of
the context in which an idiomatic expression is embedded may influence the choice of
interpretation, as well as the decision of whether or not to consider the entire idiomatic
expression as a single unit (Colombo, 1993).

4. Novelty
In a similar vein, since language is an ever-changing organism, where new words tend to
appear quite frequently, it is only expected for new idiomatic expressions to appear as well.
Just as shown in the experiment with detecting idioms in German lyrics, models might
experience obstacles when dealing with newly born idiomatic expressions resulting in not
successfully identifying them as such (Amin et al., 2021).

5. Cultural Differences
Idiomatic expressions are highly influenced by the region they are primarily used in, hence
they are culturally tied to a specific region. Taking only the English language into account,
one could compare British, American, and Australian variations. When talking about staying
calm, there is a version of an idiom from each language variant:

Original: Stay calm
British: keep a cool head
American: keep one’s head

Australian: keep one’s shirt on

While all three variations seem to be somewhat aligned in the way they are structured, they
still might present arduous to be successfully detected as idiomatic expressions.

Additionally, another set of idiomatic expressions should be dispensed that would elucidate a
more drastic difference in expressing the same notion.
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Original: Bliss

British: In seventh heaven
American: In heaven
Australian: Happy as Larry

While the British and American versions seem to fall under one way of presenting the sense
of bliss idiomatically, the Australian counterpart not only tends to use a different grammatical
structure but also a different set of words. Additionally, the Australian version seems to be
more plausible to be counted as a non-idiomatic expression compared to the British and
American versions (Makal, 2017).

6. Scarcity
Idiomatic expressions may be represented in a language less compared to more
straightforward language usage, hence it might create difficulties obtaining a dataset
containing enough idiomatic expressions to successfully train a model. Moreover, manually
generating a dataset containing non-literal expressions is deemed to be time-consuming
human labor (Skvorc et al., 2021).

2.4 Proposed Definition for Idiomatic Expressions

Throughout the course of linguistic development, numerous methods for describing the same
concept in various ways emerged, and one of these notions is the utilization of idioms or
idiomatic expressions. According to the Oxford Dictionary, idiomatic expressions constitute a
"form of expression specific to a particular language," (Idiom, N., 2023) signifying that each
language possesses its unique set of non-literal phrases that elucidate a specific idea.

Idiomatic expressions and how we propose them for our thesis contain multiple different
definitions on their own. Our definitions start with idioms which are a type of multi-word
expressions, a group of words sharing meaning in the context they are used as recurrent and
fixed expressions. Idioms furthermore can be ambiguous, when having a literal and a
non-literal meaning (Grant, 2004). Lastly, idioms can also be sayings, such as proverbs. Out
of these three main positions, we build our understanding of idiomatic expressions as the
following:

Idiomatic expressions are a compound of units, whose meaning cannot be reduced to single
parts. Furthermore, idioms are referred to as “[...] multi-word expressions that are
syntactically complex and fixed to some degree.” (Espinal et al, 2019). Sonia & Kurnisay
(2020) propose idioms as words and phrases, containing a specific meaning when standing
alone or as multi-word expressions. Additionally, they state that idiomatic expressions are
part of figurative expressions, different from literal meaning. Examples of idioms would be
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“a piece of cake” meaning that something can be easily done. Another example of an idiom is
“once in a blue moon”, which has the meaning of doing something rarely.'

Phrasal verbs, which we will also add to our definition of an idiomatic expression, are
two-part verbs consisting of a verb and an adverbial particle (Alangari et al, 2020). An
example of phrasal verbs would be to pay off, to work out, or to catch on.*

Ambiguity means that an expression has at least two ways to be understood (Julia, 2010). It
implies two senses of reading (Boyarskaya, 2019). Therefore, ambiguity means that specific
words or phrases have an additional hidden meaning. Examples of ambiguity would be the
following: “A good life depends on a liver” meaning that the liver can either be a living
person or the organ.’ We will focus on lexical and syntactic ambiguity (Sennet, 2023).

1. Lexical ambiguity: the lexical entries contain homophonous or same spelled words
like bat (either an animal or a wooden piece with a handle used for hitting a ball*), or
kick the bucket (to die or literally kicking a bucket), however they differ in meanings
(Sennet, 2023).

We add lexical ambiguity to our definition of idiomatic language based on words or phrases
that have ambiguous meanings in various contexts. Additionally to lexical ambiguity, we use
syntactic ambiguity. We add syntactic ambiguity to our definition since phrases could carry
different meanings, based on their syntactic structure when used in different contexts.

2. Syntactic ambiguity: here, one can differentiate between phrasal syntactic ambiguity
and pronouns. The former can be ambiguous for the correspondence of different
syntactic structures. Take the example of superfluous hair remover that can result in
‘hair remover that is superfluous’ or ‘remover of hair that is superfluous’ (Sennet,
2023). The latter can be read in multiple ways, taking the example ‘everyone loves his
mother’, meaning that everyone loves ‘his’ mother or everyone loves his own mother
whereas ‘his’ is equal to ‘everyone’ (Sennet, 2023).

Metaphors, as defined by McCloskey (1964), are the application of one word or phrase being
used in two different contexts. Examples of metaphors are the curtain of night, all the world's
a stage .

The definition of sayings by Zubaydulla and Sulaymonovna (2023) is that sayings “[...]
convey a piece of wisdom, advice, or reflection on human experience.” (Zubaydulla &

' The idioms, n.d. https://www.theidioms.com/

2 Cambridge Dictionary, 2024.
https://dictionary.cambridge.org/dictionary/english/phrasal-verb

® Literary Devices, 2022. https://literarydevices.net/ambiguity/

* Cambridge Dictionary, 2024. https://dictionary.cambridge.org/dictionary/english/bat

% Collins Dictionary, 2024. https://www.collinsdictionary.com/dictionary/english/metaphor
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Suleymanova, 2023: 855). The term saying is defined by the Cambridge Dictionary as “a
well-known wise statement that often has a meaning that is different from the simple
meanings of the words it contains ”.° Sayings are utterances that have two contrasting
meanings, depending on the context of the sentence. Furthermore, sayings can be proverbs or
normal words which when presented in a distinct context contain a second meaning. An
example of a saying taken from the Cambridge Dictionary is the following: “As the saying
goes, “Don't count your chickens before they're hatched.” We will use proverbs and sayings
interchangeably.

This definition of idiomatic expressions will lay the basis for our thesis, where we will detect
idiomatic expressions.

We will present an example of a sentence containing idiomatic expressions. In this presented
illustration, we see two different idiomatic expressions found in one example. The examples
we provide in our analysis part contain only the exact idiomatic expressions that were
selected for the category. It could, however, occur that two examples of the selected category
are shown in the example.

Based on our definition we will provide a re-written sentence of our data, taken from
experiment 1 of GPT-4, marked as idiomatic by the model and by the annotator:

Sentence: “Let’s get there, and get you into that gown, so we can have a good look at

2

you.

Examining this sentence it is visible that “have a good look” can be put in the category of
lexical ambiguity (in this sense it is based on that the person wants to have a clear look at the
dress), and “get into” (in this sense it is referring to getting dressed) can be categorized as a
phrasal verb.

2.5 Gap Analysis

It has been shown above that the area of detecting idiomatic expressions has been presented
as a research topic in demand. From using rule-based methods to generating rules for
successful idiomatic detection to using Machine Learning (ML) algorithms and Large
Language Models (LLMs), and Transformers, researchers have been trying to develop
systems that would accurately perform such a task. However, there is still a need to explore
how the LLM models, particularly GPT-4 and Gemini Pro can further enhance the successful

¢ Cambridge Dictionary, 2024.
https://dictionary.cambridge.org/de/worterbuch/englisch/saying
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and swift capture of idiomatic expressions particularly in the field of working with subtitles
that may or may not contain idiomatic language.

One auspicious avenue is the exploration of idiomatic language detection using prompt
engineering, an approach that has not received sufficient attention in the current literature,
making one raise the question of whether the aforementioned method might produce
high-quality results and successfully detect idiomatic expressions despite challenges
underscored in Section 2.3.

By developing prompts to pass to a desired LLM to detect idiomatic expressions in sentences,
one is developing a new way of working with ambiguous, less straightforward parts of human
language, facilitating the possible translation development and other fields that touch upon
non-literal expression detection.

Overall, the use of prompt engineering in combination with Large Language Models (LLMs),
that are trained on vast amounts of textual data, holds great potential to improve the detection
of non-literal expressions in sentences and texts in general, which can supplement various
applications such as machine translation and natural language processing. Further research in
this area can lead to the development of more accurate and efficient methods for detecting
idiomatic expressions, which can positively enhance the overall quality of language
processing tasks.
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3. Methodology

The chapter has the following parts: Introduction to LLMs, Overview of GPT-4 and Gemini
Al, and the notion of Prompt Engineering with additional sub-chapters mentioning the
approach for each of the LLMs. Additionally, the chapter highlights the organization, choice
rationale, and implementation of the Deep Neural Network approach. Lastly, chapter 3.5
describes the data collection for both approaches.

3.1 Introduction to LLMs

The evolution of Large Language Models (LLMs) and their predecessors has been
significant. The starting point for their development can be traced back to the shift from
rule-based algorithms to the domain of initial models based on the n-gram architecture
(Brown et al., 1992). With the groundbreaking advancement in computational power and the
accumulated desire for further development in the fields of NLP, the first Long Short-Term
Memory networks were presented in 1997, which were used as the main layer for voice and
text processing (Hochreiter & Schmidhuber, 1997; Nammous & Saeed, 2019).

With the advent of Long Short-Term Memory (LSTM) networks, the discipline of NLP
experienced exponential growth. This culminated in the development of the foundational
Generative Pre-trained Transformer (GPT) and Bidirectional Encoder Representations from
Transformers (BERT) models, marking the onset of the Deep Learning Era. (Mclntosh et al.,
2023). Such models as GPT are trained on a vast, constantly expanding corpus of data
(Alberts et al., 2023).

It is worth mentioning that an LLM is powered by a specific type of neural network called the
transformer model. The model is able to process the input in parallel and requires less time to

be trained when compared to such architectures as LSTM (IBM, n.d.).

Additionally, compared to standard neural networks, the transformer architecture changes the
way the data is processed by introducing the following aspects:

1. Positional Encoding - a word position is represented by a number sequence.

2. Self-Attention - by assigning weight to each word that is passed into the model, it is
possible to predict which word should come next.

By using such techniques, an LLM can process human language despite the fact that it might

be considered to be ambiguous, which is crucial when detecting idiomatic expressions
(Cloudflare, n.d.).
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As of early 2024, the most recent technological advances in the fields of NLP and LLM are
the creations of ChatGPT, GPT-4, and lastly Gemini. The first two models showed superiority
in working with natural languages, providing adequate conversational responses, and
broadening the area of their applications from education to medicine (Alberts et al., 2023;
Mclntosh et al., 2023).

In light of the aforementioned developments in LLMs, including the recent advancements in
creating tools such as GPT-4, it is worth taking a look at the recent surge of interest in these
concepts. Figure 1 exhibits a comprehensive examination of search interest trends specifically
pertaining to each designated topic over the preceding twelve months. When mentioning the
term “interest”, Google states the following regarding the production of the metric, “each
data point is divided by the total searches of the geography and time range it represents to

compare relative popularity.””’.

It is evident from the figure that, commencing from the inception of March 2023, the subject
of Large Language Models (LLMs) experienced a notable surge in popularity, exhibiting a
gradual ascent over time, attaining a value in close proximity to 50, which signifies that the
topic was approximately half as popular as the most sought-after subject during the specified
period. However, it is observed that the same topic subsequently embarked on a moderate
descent, commencing in January 2024.

On the contrary, the term “GPT” has been deemed to be rather popular over the entire course
of observation, facing only one drastic setback during December 2023. The reason behind a
constant interest in GPT might lie in its constant development and enhancement, as well as its
spread over various domains of human lives.

Lastly, Gemini Al did not score any search interest up until December 2023 due to the fact of
its first public announcement around the same time. Notably, upon its initial mention, Gemini
Al achieved a search interest score of 74, presenting significant anticipation and popularity
highlighted by industry publications. Additionally, despite the fact that Gemini Al was not
publicly announced before December 6, 2023, the figure still presents a drastically slight
search interest in it over the entire course of observation. Speculating about this phenomenon,
the reason behind it might be Google’s slight mentions of it throughout the entire time of the
LLM’s development.

Lastly, the momentous downward change in Gemini’s search interest from the end of
December until the end of January might be explained based on the fact that the Gemini
family was not fully publicly available yet, resulting in the lack of interest in the topic and the
downward trend presented on the graph.

" Trends Help, 2024. hitps://support.google.com/trends/answer/4365533?hl=en
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Starting at the beginning of February, the topic of Gemini Al has been resurrected alongside
the news that the Al family’s version, Gemini Pro, became publicly available to a number of
users. Additionally, Google announced that their previously preferable LLM, Bard, would be
replaced by the most advanced version of the Gemini family - Gemini Ultra, which also
explains the spike of interest depicted on the graph (Hsiao, 2024)

Interest Over Time: Large Language Models (LLMs), GPT, Gemini Al | 31.03.2024
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Graph 1: Search Interest of LLMs, GPT, and Gemini Al between Match 2023 and March 2024 presented by Google Trends.

3.2 Overview of GPT-4 and Gemini Al

This section focuses on the explanation of two chosen LLMs — GPT-4 and Gemini Pro.

3.2.1 GPT Al

The information in this chapter about GPT Al was taken from the OpenAl website. GPT-4 is
an LLM released by OpenAl on March 14th, 2023. It accepts texts and images as inputs, and
outputs solely texts. Furthermore, OpenAl states that GPT-4 is the “latest milestone” in their
effort to “scale up deep learning”. The model GPT-4 is as written in the report of OpenAl, in
many real-world scenarios less competent than humans, however, performs better than
humans in different academic and professional criteria. OpenAl spent six months aligning
GPT-4 with an “adversarial testing program”, as well as ChatGPT, that resulted in their best
outcome in covering “factuality, steerability, and refusing to go outside of guardrails".

Furthermore, in the report on OpenAl, they state that the difference between GPT-3.5 (which
is the public and most known model of OpenAl) and GPT-4 is not significant when using
spontaneous conversations. However, the two models differ when the task gets more
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complex. In these settings GPT-4 is considered as more “[...] reliable, creative, and able to
handle much more nuanced instructions [...]” over GPT-3.5.

Many benchmarks are written for English. For getting an understanding of other languages,
Open Al translated the MMLU benchmark, resulting in GPT-4 outperforming GPT-3.5 in 24
of 26 of the English-language benchmarks. GPT-4 furthermore takes prompts of texts and
images and lets the user specify the language or vision task. GPT-4 specifically generates text
output when given a mixed input of images and texts itself. Image inputs are not publicly
available and are under research preview. Tested on different domains, giving GPT-4
diagrams, documents with photographs, and texts its output is similar to if the input has been
only texts.

The biggest limitation of GPT-4 is hallucination, which refers to making up facts and making
reasoning errors. Care needs to be taken of when the language model output is being used in
high-stakes contexts. However, hallucination has been reduced in GPT-4 significantly in
comparison to previous GPT models. OpenAl stated to have made progress on an external
benchmark named TruthfulQA testing the ability of the model to separate facts from a
selected set of wrong statements. However, after RLHF (Learning from Human Feedback),
GPT-4 resists to select common sayings like “You can’t teach an old dog new tricks.”®, and
also misses slight details, like Elvis Presley is not a son of an actor, however, GPT-4 answers
incorrectly in saying that he is. In addition, OpenAl states that the models can still have
biases in their outputs. Furthermore, GPT-4 lacks the knowledge of events that happened after
September 2021 (data cut off), “[...] and does not learn from its experience [...]”.
Furthermore, RLHF implies that a human evaluates every response generated by the LLM,
resulting in the LLM’s ability to learn from the human output preference. The following
procedure allows the model to adapt to a user’s specific output instructions (Sun, 2023).

Further problems with GPT-4 are: GPT-4 makes simple reasoning errors, it introduces
security flaws when outputting code, overly naive on the acceptance of incorrect statements
of users. Furthermore, GPT-4 is confidently inaccurate in giving wrong predictions, and it
does not double-check work. The confidence in answering the pre-trained model has a high
probability of being correct, whereas this confidence of correctness cannot be found in
post-training.

The report expresses that they have been working on making GPT-4 more aligned and safer
from the beginning onward. However, GPT-4 shows analogous risks like the generation of
harmful advice, wrong information, or problematic code. In addition, GPT-4 leads even to
alternate risk surfaces. These risks were worked on with 50 experts from different fields,
resulting in an improvement of GPT-4 on refusing requests for synthesizing precarious
chemicals. Furthermore, there is a reward signal used in RLHF (“reinforcement learning with
human feedback™) training so that GPT-4 is being trained on detecting harmful content and
refusing to answer such content.

8 OpenAl, 2023. https://openai.com/index/gpt-4-research/
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In comparison to GPT-3.5, OpenAl managed to reduce responding to requests with harmful
output by 82% with GPT-4. Additionally, GPT-4 is 29% more likely to respond to sensitive
requests. GPT-4-turbo has a context window (input token) of 128,000 tokens and a limit of
4096 output tokens.

In conclusion, GPT-4 decreased harmful behavior as output, however, through “jailbreaks”, it
is possible that this kind of behavior can occur and that harmful output will be generated. It is
critical to balance the limitations with deployment-safety approaches.

3.2.2 Gemini Pro

On December 6, 2023, a family of Large Language Models named Gemini was presented
and, as stated in one of the company’s reports, claimed to be the best-performing models ever
created, surpassing GPT-4 (Milmo, 2023).

The Gemini family comes in three different settings: Nano, Pro, and Ultra, the last one being
cited as the most advanced model in the family (Team et al., 2023). As of April 17, 2024, the
Ultra version is not yet available for users across the world due to excessive testing with
Reinforcement Learning from Human Feedback (RLHF) and additional trust and security
tests, hence, based on this thesis experiment, the best available version is tested, which is
Gemini pro (Morrison, 2024; Pichai & Hassabls, 2023).

As stated in the Google report, the Pro version is “A performance-optimized model in terms
of cost as well as latency that delivers significant performance across a wide range of tasks.
This model exhibits strong reasoning performance and broad multimodal capabilities” (Team
et al., 2023, p. 3).

Additionally, Google Cloud describes the model as follows, “Designed to handle natural
language tasks, multiturn text and code chat, and code generation” (Google, 2024).

The Gemini family is able to work with a variety of data such as texts, audio, image, and
video inputs (Team et al., 2023). For the experiment, only the ability to work with textual
data is tested.

Gemini Pro handles a maximum of 32,760 tokens as input, generates 8,192 tokens as output,
and is trained on the data that corresponds to the real-time events up to February 2023. The
model safety is regulated by the safety settings that are assembled by Google, which means
that the model handles such cases as harassment, hate speech, sexually explicit, and
dangerous implications (Google, 2024).

Highlighting the importance of the quality of the data that is used for model training, Google
explicitly says the following, “...We take various steps to mitigate potential downstream
harms at the data curation and data collection stage. ...we filter training data for high-risk
content and ensure all training data is sufficiently high quality” (Team et al., 2023, p.20).
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For the training platform, Gemini Pro was trained on TPU v4. TPU stands for Tensor
Processing Unit and it accelerates the Machine Learning performance by implementing an
optical circuit switch (OCS) that is reconfigurable, providing plasticity in interconnection,
allowing the system to upscale its availability, utilization, modularity, deployment, security,
and performance, as stated by Google (Jouppi & Patterson, 2023).

Although Google does not clearly state the limitations of Gemini Pro, the company stated the
limitations for the entire Gemini family, which are the following:

1. Spatial Reasoning

2. Counting

3. Understanding Longer Videos
4. Following Complex Instruction
5. Hallucinations

6. Medical Uses

7.

Multi-Turn Chat (Google Cloud, 2024)

Bearing in mind that the experiment revolves around the binary classification of sentences
and the work with textual data in general and the fact that the limitations mentioned above are
primarily related to audio, image, and video inputs, the same limitations are not to be deemed
as possible concerns.

3.3 Prompt Engineering

The concept of Prompt Engineering posits the utilization of textual prompts in conjunction
with Large Language Models (LLMs). Through the strategic manipulation of textual prompts
and their representations, it becomes feasible to modify the output of a specified LLM,
thereby aligning it more closely with the objectives of a given task (Mesko, 2023). Hence,
prompt engineering is the technique that is used in this research to utilize the LLMs to
perform the idiom recognition task.
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Graph 2: Prompt Engineering Visualization

Graph 2 presents a simplified visualization of the prompt engineering approach. The initial
phase entails the development or engineering of the prompt itself. The objective of this step is
to formulate a set of instructions that the LLM must adhere to in order to successfully
complete the task. The prompt is enriched with contextual information that may facilitate the
model's execution of the task with a higher probability of success. An illustrative example of
such contextual information is the inclusion of a precise definition of a certain topic of
interest that predetermines the desired outcome of the task. Additionally, the user may opt to
provide the model with a set of examples of successful task execution, thereby demonstrating
the expected output. The decision to incorporate examples is contingent upon the user's
preference for a zero-shot approach (where no examples are provided) or a one/few-shot
approach (where one or several examples are included in the prompt). Accordingly, this
portion of the diagram is depicted as dotted to emphasize its optionality.

Following the establishment of the prompt, all constituent elements are combined to create
the user's input, which is subsequently submitted to the LLM alongside the data that needs to
be processed by the LLM. An additional step involves the employment of adjustable model
parameters. They can alter the output of the model by changing its quality, diversity, and
creativity. Some of the most popular LLM parameters are temperature, number of output
tokens, and top-p, that are explained in sections 3.3.1 and 3.3.2. It is important to note that
this step is not mandatory and depends on the user's access to these parameters; hence, it is
represented as dotted in the graph.

The tailored input is then processed by the LLM, which evaluates the task and generates an
output that is stored by the user. The final stage of the approach entails the evaluation of the
model's output using predetermined metrics. Based on the evaluation outcomes, the prompts
and/or model parameters may be further refined.

In the context of the task of classifying sentences based on whether they can be considered

idiomatic or not, the subsequent subchapters elaborate on the creation and adjustment of
prompts for this specific task, taking into account the LLM being employed at the time.
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3.3.1 GPT Prompts and Experiment Setup

Prompts are inputs into LLMs, the phrasing of prompts can have an impact on the output.
Optimizing prompts towards a desired output of the model is named prompt engineering.
There are different kinds of prompts: In-context learning, instruction following, chain of
thoughts, and prompt tuning, among others (Kaddour et al, 2023: 17-18).

As prompt engineering is still a new field of experimentation, there is not much of an
understanding of how some phrases achieve better outcomes than others (Kaddour et al,
2023: 17).

OpenAl presents a guideline for prompting their models. These guidelines contain the
following steps:

1. Writing clear instructions: writing clear instructions helps the model to give the
desired output.

2. Providing reference texts: providing reference texts can help to receive fewer
hallucinations, especially when it comes to “[...] esoteric topics or for citations and
URLs.”

3. Splitting complex tasks into smaller ones: to decrease the amount of errors, it is best
to split complex tasks into smaller components. Additionally, complex tasks can later
be re-defined, when the output of simpler tasks is used for constructing an output for
the complex task.

4. Giving the model time to think: giving the model time to solve tasks, the error rate is
lower than if the model has to solve tasks immediately.

5. Use external tools: compensate for the weaknesses of GPT, using different tools to
receive the best possible output. Like, a “[...] text retrieval system (sometimes called
RAG or retrieval augmented generation) can tell the model about relevant documents.
[or] A code execution engine like OpenAl's Code Interpreter can help the model do
the math and run code.”
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6. Testing changes systematically: measuring performances makes it easier for
comparison. Prompts can have different impacts, for example, it can achieve better
results on fewer examples, however on a large set of examples, it can perform worse.
Creating a test suite might be helpful for comparison.

We used both zero-shot and one-shot prompts:
System’s Prompt:
Zero-shot:

Classify the sentence and answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following:
Phrasal verbs,

Idioms,

Ambiguity: a sentence that can be understood literally and figuratively,
Metaphors,

Sayings.

Work out your own solution on idiomatic expression first by reading the sentences. Then
reason with your solution.

Response in the following JSON format: {"idiomatic": }.

Do not include "

One-shot:

You are an English language and literature specialist..

Your job is to classify a sentence as either idiomatic or not.

Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.

Phrasal verbs: example: put down (idiomatic: to kill; literal: to put something down).
Idioms: example: (A dog's breakfast: something that is disorganized).

Ambiguity: a sentence that can be understood literally and figuratively: example: (A good life
depends on a liver: liver can be considered either to be an organ or a person).

Metaphors: example: (curtain of the night: metaphor that expresses the way the night came
at that area).

Sayings: example: (Don't count your chickens before they're hatched).

Answer in the following JSON format: {"idiomatic": }.

Do not include "

User Prompt:
The sentence to classify. {sentence}
The user prompt was the same for zero-shot and one-shot systems prompts.

Giving the model no personality is a possible strategy for getting better results. In the task it
is clearly stated that idiomatic expression should be detected by the model, what is meant by
idiomatic expression. Furthermore, the answer requirement was mentioned, being integers

31



and only answering using these. Then the model was encouraged to read each sentence, and
reason with its solution. Lastly, it should not have any words included in the response and
should save the answers in a JSON format. In the one-shot example, the model adopts a
personality being an English language and literature specialist. Part of the prompt is to
specify sentences being idiomatic or not. To detect the idiomaticity of the sentences examples
are being added to make it clear to the model. The model should follow the answer
requirement only answering using integers and store the answers in a JSON format.

The following model parameters are used in combination with the prompt above:

Temperature: 0.8,

Max Tokens: 1,

Model: gpt-4-1106-preview
seed: 1

=

The parameters that are given to the model are the seed, the max tokens, the temperature, and
lastly, the model itself. The seed stays always at 1 and is not changed, trying to get
deterministic responses. The max token can vary, when it is higher than 1 (1 is the lowest) the
model is prone to give a more elaborate answer. The longest max token is based on the
context length of the model. The temperature controls the randomness of the output by the
model, having a low temperature (2 is the highest temperature) outputs a less creative answer.
Lastly, it is possible to change the model for different outcomes. For this thesis, the model
gpt-4-1106-preview was chosen because when the thesis was being started at the beginning of
January, this was the latest model.

The system prompt and the user prompt, which contains the sentence that should be analyzed,

are separated by different files. The last step is the comparison of the predictions with the
gold standard file.

3.3.2. Gemini Prompts and Experiment Setup

The following tactics are used when developing prompts for Gemini Pro.
1. Impersonation: the model is asked to adopt a person that fits best for the task given.
Given the objective of the task, one of the possible personas could be a specialist in

the English language and literature or a professional translator.

2. Use of Delimiters: the prompt is created with distinct compartmentalizations such as
persona to adopt, task requirements, examples, and a sentence to analyze.
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3. Examples: considering the fact that a definition of idiomatic expression has been
created for the sake of this experiment, the same definition is given to the model with
examples for each instance mentioned in the definition.

4. Output Requirements: the model is asked to produce an output in the JSON format
with desired information embedded into the JSON.

5. Time to think: the model is given clear instructions to reach the conclusion on its own
and reason with it.

6. Model’s Parameters: the effectiveness of the prompts and the model is tested
depending on the parameters that are passed to the model. The following parameters
are considered:

a. Temperature: the parameter controls the severity of randomness in token
selection when generating a response from the LLM.

b. Max output tokens: maximum number of tokens that can be present in the
response.

c. Top-K: the setting changes the behavior of choosing tokens for output. A
value of 1 sets the model to choose the next selected token as the most
probable, while a value of 4 results in the model choosing a token among the
four most probable tokens by applying the temperature parameter.

d. Top-P: the parameter sets the probability of the selected tokens. As mentioned
before, tokens are selected from the most to least probable. For instance, if the
model selected A, B, and C tokens with the probability score of 0.4, 0.3, and
0.1 and the Top-P value is set to 0.7, the system chooses token A or B as the
next token based on the set temperature.

The following are the examples of zero- and one-shot prompts used in the experiments:

Zero-Shot:

System Prompt:

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.

Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains the following:

Phrasal verbs.

Idioms.

Ambiguity: a sentence that can be understood literally and figuratively.
Metaphors.
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Sayings.
Give the answer in the JSON format like {sentence: “”, prediction: “” }.
Present your decision reasoning in the JSON.

User Prompt:
The sentence to classify. {sentence}

One-Shot:

System Prompt:

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.

Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains the following:

Phrasal verbs: example: put down (idiomatic: to kill; literal: to put something down).

Idioms: example: (A dog's breakfast: something that is disorganized).

Ambiguity: a sentence that can be understood literally and figuratively: example: (4 good life
depends on a liver: liver can be considered either to be an organ or a person).

Metaphors: example: (curtain of the night: metaphor that expresses the way the night came
in that area).

Sayings.: example: (Don't count your chickens before they're hatched).

Answer in the JSON format that looks like this: {"prediction": , "sentence": ).

Do not include "

User Prompt:
The sentence to classify. {sentence}

The following model parameters are used in combination with the prompt above:

1. Temperature: 0.4,

2. Max Output Tokens: 500,
3. Top-K: 40

4. Top-P: 0.8

Based on the prompt example, it is visible that the model has been asked to adopt a
personality by presenting itself as an English language and literature specialist, the task,
requirements, and the sentence to analyze are separated, and every notion of the idiomatic
expression definition has been given, apart from the examples themselves. Additionally, the
output requirements have been mentioned and the model has been asked to explain its
decision which gives it time to think.

Lastly, once the LLM has classified every given sentence, the model’s predictions are
compared against the gold standard to calculate the accuracy number.
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3.4 DNN

This section covers the second approach used in this research — Deep Neural Networks.
Within this approach, two Recurrent Neural Networks have been built to test the ability of
Neural Networks (NN) to detect idiomatic expressions in sentences. The RNNs diverge in
their method of processing training and testing datasets, model architecture, and the partial
evaluation of the model’s performance.

3.4.1 RNN

A Recurrent Neural Network (RNN) is a type of artificial neural network that is used to
process sequential or time series data. Some of the most popular use cases of these networks
are machine translation, automatic speech recognition, and image processing.

Just like any other neural network, an RNN is dependent on training data in order to learn.
One of the main factors in leveraging RNN abilities to work with data is its memory. While
traditional neural networks treat every bit of information as a separate piece, RNNs are able

to take information from prior learning to influence their judgment when working with new
information (Pascanu et al., 2014).

Yt Output Layer Yo Y1 Y2

Hidden Layer

< Input Layer “

Recurent Neural Network Rolled RNN Unrolled RNN

Graph 3: RNN Visualization (Graph recreated from IBM, n.d.)

To better understand the logic behind an RNN, graph 3 represents the visualization of it.
Based on the visualization, it is possible to determine why this type of network is termed
recurrent, as the hidden state is recurrently fed back into the network with each new input
sample.

Following the input of data denoted as x into the input layer, the hidden unit receives the
previous state, represented as hprv. Within the hidden layer, two quantities are calculated.
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The first value corresponds to the new or updated state, denoted as hnew, which will be used

for the next data point in the sequence. The second output is the network's output, denoted as
y . Ultimately, the new state is determined as a function of the previous state and the input

data.

During the initial phase of model training, a default initial hidden state is utilized. This
default state varies according to the type of data under analysis, but generally, it is initialized
to comprise entirely of zeros.

Additionally, the network incorporates supplementary parameters, including Wx, which is
the weight matrix between the input and the hidden units. Another parameter, W W reflects the

weights that are multiplied by the preceding hidden state. Given these established values, the
mathematical expression for the new hidden state can be formally expressed as follows:

hnew = tanh(Wh.hpW + W X)

The output of the hidden layer is calculated by multiplication of the output weight matrix and
the new hidden state, which may be represented as the following formula:

y=Wy.h

new

As the main topic of this research is the classification based on the fact whether a sentence
contains an idiomatic expression or not, and, as established before, an instance of idiomatic
expression may spawn from one to several words at once, a specific type of RNN is used
which is called many-to-one.

Wix Wy

Xn A > RNN
Wh hnew

-

Graph 4: many-to-one RNN visualization

Graph 4 represents such a type of network. It consumes a sequence of data and produces just
one output. In this paradigm, the data flows in a single direction, from the input layer through
intermediate hidden layers to the output layer. Each neuron in the network performs a simple
mathematical operation, typically a weighted sum of its inputs followed by a non-linear
activation function. The weights of the connections between neurons are adjusted during the
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training process to minimize the error between the network's predictions and the desired
outputs.

Feedforward neural networks are widely used for supervised learning tasks, where the
network is trained on a dataset of labeled examples. The network learns to map the input data
to the corresponding output labels by adjusting its weights to minimize the error. Once
trained, the network can be used to make predictions on new, unseen data.

3.4.2 LSTM

Long Short-Term Memory (LSTM) is formally recognized as a distinct type of RNN
specifically designed to process sequential data. The LSTM architecture's primary advantage
over a standard RNN lies in its ability to avoid the occurrence of unstable behavior, such as
vanishing and exploding gradients, during the backpropagation phase. In the LSTM network,
the calculation of gradients for weight values follows the Chain Rule, which dictates that the
gradients of earlier stages undergo multiplication by the gradients of later stages (Hochreiter
& Schmidhuber, 1997).

Referring to Graph 2, the unrolled representation of an RNN illustrates how a basic RNN
handles the processing of sequential data. Within the hidden layer, input data is passed
through weights along a feedback loop, and the input data is subsequently multiplied by the
weight values.

For illustrative purposes, consider the scenario where the weight value equals 2 and the

number of sequential points is 65. In this instance, the multiplication formula takes the
following form:

Gradient = Inputl. 2%

During the backpropagation process, if the gradient of the preceding layer increases, the
weights of the subsequent layer exceed their intended values, prompting divergence in the
gradient descent algorithm.

Conversely, when the weight value during backpropagation falls below 1 (e.g., 0.5), the
gradient value approaches zero. The formula in such a case would be:

Gradient = Inputl. 0.5%
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The resulting value gravitates towards zero, exhibiting vanishing gradient behavior.
Vanishing gradients imply that when the gradients diminish, approaching a value close to
zero, the new model weights will mirror those of the preceding layer without any alterations.
(Wang & Jiang, 2016).

To mitigate these challenges, the utilization of LSTM architectures is employed. One of the
main differences between a vanilla RNN and an LSTM network 1is their approach to data.
Unlike the RNN, which relies on a solitary feedback loop for handling sequential data, LSTM
introduces a dual-path architecture for sequential data processing. One path is dedicated to
Long-Term data, while the other is reserved for Short-Term memories. Hence it is visible
where the network’s name is derived from. Graph 5 represents a unidirectional LSTM unit,
which allows one look at each of its segments separately.
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Graph 5: Unidirectional LSTM Module Visualization

The LSTM module uses both Sigmoid and Tanh activation functions and for a better
understanding of the model’s architecture, it is warranted to elucidate on these functions.
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Function

Graph 6: Sigmoid and Tanh Activation Function Visualizations

Referring to graph 6, the Sigmoid Activation Function takes any x-axis coordinate and
converts it into a y-axis coordinate between 0 and 1 (Bonnell, 2011). The function can be
represented as the following formula:

X

fe) =

e'+1
For illustrative purposes, by putting an x-axis coordinate as 10 into the function, the

y-coordinate would be approximately 0.9995 and the formula would be the following:

10

f(10) = ——— ~ 0.99995.
e +1

Alternatively, by putting a value that is lower than 0, the y-axis coordinate would be closer to
zero. For instance:

-5

f(—5) = “’H ~ 0.00669285.

-5
e

When it comes to the tanh function, the function takes any x-axis coordinate and turns it into
a y-axis coordinate between -1 and 1 (Biswas et al., 2020). In the same vein as the sigmoid
function, having inserted a positive x-axis value (e.g. 5) into the tanh activation formula, the
y-axis coordinate would be the following:

5 =5

f(5) = ==~ 0.9999.

e +e

Additionally, if a negative x-axis value (e.g. -3) is put into the activation function, the y-axis
coordinate would be the following:

-3 —(-3)

f(=3) = ==~ — 0.995.
e

St
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Having established the relationship of the activation functions to the whole LSTM module,
one can run a mock test to understand how the module works.

The blue line above the module is named the cell state and represents the Long-Term memory
of the module. Despite the fact that the state can be altered by the multiplication and the sum
functions depicted in the graph, it does not contain direct weight and biases, allowing the data
to be processed without causing the gradient to explode or vanish.

Additionally, the lines passing through each gate below are named the Short-Term Memories
amd are directly modified by weights.

For the sake of the test, one could assume that the previous Long-Term Memory (LTM) is
equal to 3, the Short-Term Memory (STM) is 0.5 and the input value is 1. Moreover, for the
sake of the mock experiment, random weights and biases will be introduced to complete the
test cycle. Upon entering the forget gate of the module, it is calculated how much the network
should remember from the previous input.

(0.5 x 2.00) + (1 x 1.94) + 1.30 = 4.24.

0.5 - STM value
2.00 - Weight value
1 - Input value

1.94 - Weight value
1.30 - Bias value

M e

The equation below calculated the x-axis coordinate for the sigmoid activation function by
using the values of LTM, STM, input, and bias values. By utilizing the x-axis coordinate
value, it is possible to calculate the y-axis coordinate:

4.24

f(4.24) = — - = 0.985797.
+

e

The last stage of the forget gate is to multiply the value of the LTM by the y-axis coordinate:

3 x 0.985797 =~ 2.95.

A. 2.95 - LTM value
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The following result indicates that the value of the LTM is reduced, hence this part of the
module is named the forget gate, as it determines the percentage of the previous memory to
be remembered.

Having passed the forget gate, the data enters the second part of the module where the input
gate generates the value of the Potential Long-Term Memory, which denotes how much of the
newly processed information might be retained, and the second Forget State determines how
much of the Potential Long-Term Memory should be remembered in the end.

The calculations for this stage would be the following:

1. Potential Long-Term Memory:

(0.5 x 2.74) + (1 X 2.45) — 0.24 = 3.58.

0.5 - STM value
2.74 - Weight value
1 - Input value

2.45 - Weight value
-0.24 - Bias value

moaw»

Having calculated the x-axis value for the tanh activation function, the y-axis value is
the following:

358 -3.58

f(3.58) = =m——% =~ 0.998447.
e +e

The calculations show that the new potential memory value is approximately 0.99.
2. Percentage of Potential Memory to remember:
(0.5 x 2,74) + (1 x 1.65) + 0.54 = 3.56.

0.5 - STM value
2.74 - Weight value
1 - Input value

1.65 Weight value
0.54 - Bias value

mo 0w

By calculating the x-axis value for the sigmoid function, the y-axis value is the
following:
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3.56

f(3.56) = 3_’;6“ ~ 0.972348.

e

3. Value to remember:
0.998447 x 0.972348 = 0.97.
4. New LTM:
0.97 + 2.95 = 3.92.
Finishing the calculations, the value of the new LTM has been established.
The final state of the LSTM module is the update of the STM value.
1. The Output Gate Value

The LTM value is put into the tanh activation function of the output gate as the x-axis
value to produce the y-axis value:

3.92 -3.92

f(3.92) = =55 =~ 0.999213.
e +e

2. Percentage of Potential Memory to remember:

The last forget gate is activated to calculate how much of the new potential STM
should be remembered:

(0.5 x 1.53) + (1 X (= 0.25)) + 0.57 = 0.32.

Having calculated the x-axis value, the y-axis value is the following:

0.32

£(0.32) = 0_22“ ~ 0.57.

e

3. New STM:
0.57 X 0.999213 = 0.56.
The new STM value is 0.56, which is also the final output from the entire LSTM module.

Additionally, the output value of the first LSTM module is the input value for the second
module.
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Having completed the explanation of the LSMT module cycle, it is crucial to outline the full
model’s architecture used for the sake of idiomatic expression detection.

3.4.3 Model Architecture

In the context of the DNN approach, two Recurrent Neural Networks (RNN) are used for a
binary classification approach. While both models adhere to the same fundamental approach,
several distinctions contribute to their differentiation such as the processing of the train and
test data, the core of the model, and its evaluation approach.

( LOSS )(ACCURACY) (PRECISION) ( RECALL )

GOLD STANDARD
DATASET

TESTING

PREDICTIONS

DROPOUT

1 DENSE LAYER
5
BIDIRECTIONAL
LSTM

BATCH

DATASET

SHUFFLE

GOLD
STANDARD
COMPARISON

CONFUSION
ACCURACY MATRIX
PRECISION ROC-AUC
CURVE
RECALL
PRECISION-RECALL
CURVE
PREDICTED LABEL
DISTRB.

TEXT TEXT
ECTORIZATIO! ECTORIZATION

Graph 7: RNN with a bidirectional LSTM layer architecture visualization
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Graph 8: RNN with a unidirectional LSTM and activation layers architecture visualization

The model depicted in Graph 7, while passing the data preparation stage, loads the data,
removes the duplicates, and shuffles the dataset for more randomization before splitting it
into train and validation Additionally, model one implements batching of train and test
datasets in the data processing part, which means that the model does not process each
instance at once, but a grouped number of instances. The following approach helps to
enhance computational efficiency. After that, both train and validation datasets are sent into
the model’s core where the data goes through the text vectorization and embedding layers for
training and validating purposes. Consequently, the data goes through a bidirectional LSTM
layer, which implies that the data is processed in both forward and backward directions,
which should improve the model’s understanding of the relationship between sequences
(Graves et al., 2005).

Having passed the LSTM layer, the processed sequences are put through the dense layer,
dropout, and another dense layer, which constitutes the final stage of the model's training.

Since the dataset that is used for this model is highly imbalanced, weights are added to the
training step to secure the model’s ability to pay greater attention to the underrepresented
class. The weight value is generated based on the distribution of each class in the dataset.

Upon the successful training cycle, the following metrics are produced based on the
validation data: Accuracy, Precision, Loss, and Recall.

Entering the testing state of the model, a dataset that has been used to conduct experiments on
LLMs is used to test the model’s ability to detect idiomatic expressions in sentences. The
model returns predictions which are applied to determine a label for the test sentences based
on a threshold value.
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In comparison, the model presented in Figure 8 preprocesses the entire dataset by splitting it
into training and validation and applying inducing and padding.

After processing the datasets, the training and validation parts are put into the core model
where the sequences are processed through an embedding layer. The next 2 layers are
different from the model presented above. The embeddings are passed through a
unidirectional LSTM layer, implying that the data is processed only in the forward direction.
After that, the processed data is sent into the spatial dropout layer, which determines how
much of the data should be forgotten.

Additionally, having passed the dropout layer, the data is moved through an attention
mechanism layer, which is supposed to apply a focus on various parts of the sequences
produced by the LSTM output layers (G. Liu & Guo, 2019).

The training results, accuracy, loss, precision, and recall, are generated based on the output of
the attention layer.

The last node of the model is its testing based on the test dataset that has been used for the
LLMs testing practices. The testing part of the model classifies sentences whether they
contain idiomatic expressions or not, which is in the later stage of testing compared to the
gold standard labels.

The last step is the assessment of both models’ abilities by producing the following metrics:
Accuracy

Recall

F1

Precision

ROC-AUC

Precision-Recall Curve

Confusion Matrix

Predicted Label Distribution based on count

PN R

3.4.4 Rationale for Selection

There are several factors contributing to the choice of the LSTM-infused RNN approach.

The first notion that should be taken into account is the fact that idiomatic expression,
particularly idioms, exhibits long-range dependencies wherein the meaning of the entire
idiom 1is derived from a combination of words instead of individual components (Espinal et

al, 2019:1).
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Secondly, the advantage of the RNNs is their ability to process sequential data by retaining
information from previous parts of the sequence in their memory, which makes them a potent
candidate in idiomatic expression detection (Keren & Schuller, 2016).

Lastly, traditional RNNs experience the issue of the vanishing gradient, which creates an
arduous problem of preserving previously learned information. Hence, the implementation of
Long Short-Term Memory (LSTM) mitigates the issue of the vanishing/exploding gradient
by regulating information within the cells to be retained and updated over longer sequences
(Hu et al., 2018).

3.5 Data Collection

The data used for the research has been acquired from Plint AB. The preferred information,
English subtitles, was extracted from the dataset. The dataset itself contained subtitles in
English. Within the scope of this research sentences might be referred to as instances.

The interest within the LLM approach focuses exclusively on English subtitles, therefore no
other information from the data has been extracted. After having extracted all English
sentences, all formatting was removed and the sentences were lowercased. Additionally, all
of the sentences were lowercased. However, punctuation was retained.

Since all of the sentences that were present in the dataset were subtitles, most of the sentences
were not presented as full instances. Therefore, sentences that did not end with a period were
concatenated with the next subtitle until full sentences emerged.

After having extracted and cleaned the sentences, they were annotated following a binary
classification method — (0) being a sentence without an idiomatic expression and (1) being a
sentence with an idiomatic expression. Idiomatic expression, as defined earlier, consists of
the definitions of idioms, phrasal verbs, metaphors, ambiguity, and sayings. The annotated
sentences are used as the experiment’s gold standard dataset containing approximately 2500
sentences. Out of these sentences, 500 sentences were extracted and split into two
sub-datasets and annotated by each of the authors. Then, the sub-datasets were exchanged
between the authors to be annotated again. The decision came from the idea of calculating a
Cohen’s Kappa to determine how arduous it would be for two annotators to agree on sentence
annotation before passing it to the models.

After establishing a solid understanding of what an idiomatic expression was and raising the
value of Cohen’s Kappa, the remaining 2000 were annotated separately.

Having completed the annotation, it was discovered that upon the concatenation of sentences,

not all instances were presented as full sentences, which resulted in their deletion from the
dataset. The final version of the dataset contained 2409 examples.
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LABELS EVAL. METRICS

1 0 NUMBER OF % OF
DATASET SENTENCES POSITIVES
511 1898 2409 21.2%

Table 1: LLM Dataset Label Distribution

As shown in Table 1, the dataset that is used for the LLM experiment execution exhibits a
considerable imbalance, with 1898 instances classified as non-idiomatic and 511 instances as
idiomatic. This means that the dataset comprises approximately 21,2% idiomatic instances.

LABELS EVAL. METRICS
1 0 NUMBER OF % OF
DATASET SENTENCES POSITIVES
348 1244 1592 21.8%

Table 2: RNN Dataset Label Distribution

In order to recreate the same experiment environment for the RNN approach, an additional
1592 sentences were extracted and annotated to train the model. The dataset created for the
training cycle resembles the quality of the LLM dataset by containing 21.8% of positively
labeled sentences.

After the successful RNN training on the newly synthesized dataset, the LLM dataset is

passed into both networks to re-create the experiments conducted during the LLM testing and
produce the results of the models’ testing cycles.

3.5.1 Security

With regard to the creation of datasets and their annotation for training and testing purposes,
it is essential to underline the measures implemented to mitigate potential disturbances on the
datasets and model.

In the context of this research, a disturbance involves the deliberate corruption of data used
for either training or testing. Furthermore, it can be orchestrated on the entire model's
architecture, resulting in a degradation of its performance (Huang et al., 2017).

There are two main approaches one could follow to conduct a disturbance:

1. White box - one has access to the model's architecture and/or parameters.
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2.

Black box - one does not possess access to the model’s architecture or parameters but
can alter the data that is used for the model’s training and testing cycles (Huang et al.,
2017).

Regarding the style of the disturbance, two main approaches are considered in the scope of

this research:

Poisoning - one corrupts the training data or its labels to worsen the model’s
performance (Biggio et al., 2012).

Evasion - one tempers with the model’s output by corrupting the data sent to the
trained model (IBM Documentation, 2024).

Regarding this research, the authors have access to both LLMs’ parameters, meaning that any
possible disturbance conducted on either GPT-4 or Gemini Pro would be considered
white-box. Additionally, the authors have access to both the architecture and parameters of
both RNNSs, which can also be deemed as white-box.

Both datasets were openly available to both authors, which implies that the datasets were
open to either poisoning and/or evasion.

To ensure that these disturbances were not conducted on either the models or the datasets, the
following regulations were implemented:

LLM:

1.

RNN:

The parameters of each experiment are saved as a separate JSON file, thus, if one is
unsure about the results of the experiment, the experiment can be recreated.

Author 1 is only responsible for the Gemini Pro experiment environment creation
(e.g. code construction) and does not have access to the environment of author 2.

Author 2 is only responsible for the GPT-4 experiment environment creation (e.g.
code construction) and does not have access to the environment of author 1.
The parameters of each experiment are saved as a separate JSON file, thus, if one is

unsure about the results of the experiment, the experiment could be recreated.

Author 1 is only responsible for the creation of BILSTM-RNN architecture and does
not have access to the model’s architecture of author 2

Author 2 is only responsible for the creation of LSTM-RNN architecture and does not
have access to the model’s architecture of author 1.
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Datasets:
1. Once the gold standard dataset has been annotated, neither of the authors can change
their labels, mitigating the possibility of poisoning the dataset.

2. Once the dataset for the RNN training and validation purposes has been created and
annotated, neither of the authors can change their labels, mitigating the possibility of
poisoning or envisioning the training and validation data.

By following these rules, all of the experiments become reproducible and neither the neural

networks’ architectures nor the datasets are prone to any of the aforementioned disturbances
during the research.
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4. Experimental Results

The following chapter will cover the performance metrics for our chosen models GPT-4 and
Gemini. Furthermore, it focuses on the comparison between the two models and our RNN
approaches. The chapter concludes with the analysis of the results.

4.1 Performance Metrics

The initial phase of the experiments, wherein the classification task was undertaken by
LLMs, entailed the evaluation of each experiment's outcomes utilizing the following metrics:

1. Precision: shows the number of all correctly classified sentences that contain
idiomatic expressions based on all sentences that were classified as containing
idiomatic expressions.

2. Recall: out of all sentences containing idiomatic expression, how many are correctly
detected by the models.

3. F 0.5: shows the balance between recall and precision, putting more focus on
precision.

The selection of the F 0.5 metric reflects a prioritization of minimizing false positives within
the model's output. Given the research context — a corporate setting where human verification
of translation accuracy is employed — reducing false positives directly translates to decreased
workload for human reviewers, which aligns with the need for efficiency in real-world
applications.

Additionally, the mean values of each metric have been calculated and incorporated
specifically for graph 18 to make both approaches comparable.

The rationale behind the utilization of the aforementioned metrics varied based on the
specific metric. Normally, while the accuracy score presents the overall representation of how
often the LLM’s classifications are correct, it can be potentially misleading due to the highly
imbalanced nature of the dataset employed in the experiments. Precision is useful in this
classification, as it showcases how reliable the output of the LLM and/or RNN can be when it
predicts a positive instance. Moreover, it aids in minimizing false positive instances. Lastly,
the F 0.5 score depicts the output of both precision and recall and is considered a valuable
parameter to determine the model’s performance with regard to false positive and false
negative instances.
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In the context of the RNN methodology, various additional metrics were introduced to
supplement the previously mentioned evaluation criteria in order to assess the performance of
the models. These additional metrics include:

1. Receiver Operating Characteristic - Area Under the Curve (ROC-AUC): This metric
provides an overall assessment of the model's performance without relying on a
specific classification threshold. It gauges the model's ability to distinguish between
positive and negative classes.

2. Precision-Recall - Area Under the Curve (PR-AUC): Given the imbalanced nature of
the dataset, it is important to consider the Precision-Recall curve in conjunction with
the ROC-AUC. This curve illustrates the model's capacity to accurately classify true
positive instances, regardless of the true negative rate.

The use of these additional metrics ensures a comprehensive evaluation of the models'
performance, taking into account both the overall classification abilities and the model's
behavior in the context of the imbalanced dataset.

4.2 Experiment Results

4.2.1 LLMs

Both GPT-4 and Gemini Pro have been tested by conducting individual experiments using
various prompts and parameters. 32 experiments were conducted for GPT-4 and 24 for
Gemini Pro.

For the further experiment analysis, only the top five experiments of each model from
training and testing were selected. The experiment selection happened based on the selection
of experiments by scoring the highest precision score.
Referring to GPT-4, in all five experiments, all prompts share a common core:

1. Definition of idiomatic expression

2. Examples of figurative elements (idioms, phrasal verbs, ambiguity, etc)

3. Instructions to classify a sentence

However, four out of the five experiments were conducted using zero-shot prompts, which
means that the model was not given examples of each figurative element. Instead, the model
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relied solely on its internal knowledge and understanding of language to perform the
classification task.

Additionally, each experiment employed a different temperature setting, which influenced the
model's behavior during generation. A higher temperature setting allows the model to be
more creative and unpredictable, whereas a lower temperature setting makes the model more
straightforward and conservative in its responses. The 5 best prompts and its parameters can
be found in Appendix B for GPT-4 and Appendix C for Gemini Pro.

Moreover, as part of the cross-validation testing, the prompts witten for GPT-4 were tested on
Gemini Pro and vice versa, including the corresponding parameters. Additionally, the 5 best
prompts and parameters are given in the appendix.

GPT-4: Individual Results (Development)

100.00%  100.00%
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95.45% 95.45%
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Graph 9: GPT-4 Individual Results (Development)

Graph 9 shows the results of top 5 experiments conducted on GPT-4 when developing
prompts. Looking at the graph and its individual experiments, it can be seen that the precision
is very high, twice it reaches 100%. This means that twice the model detected all sentences
that it classified as having idiomatic expression as correctly. Even though the precision is
high, interestingly, the recall is comparatively low. Especially at experiment 3 and 4, where
the precision scores 100% it can be seen that the recall is particularly low compared to the
precision result. This means that all of the sentences that have been recognized by GPT-4 to
contain idiomatic expression were actually idiomatic, however, a plethora of idiomatic
sentences in the entire dataset have not been recognized by the LLM. The weighted average
between recall and precision is F 0.5, indicating that the balance between them is high.
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Graph 10: GPT-4: Individual & Cross-Validation Results (Testing)

Graph 10 shows the results of GPT-4 individual testing and its cross-validation with Gemini
Pro prompts and settings. Looking at the graphs, it can be seen that overall the precision
testing with GPT-4 prompts and settings is always above 80%, ranging from 82% to 88.9%.
This indicates that all sentences that the model marked as containing idiomatic expression,
get detected within this range correctly as containing idiomatic expression. Comparing the
precision using GPT-4 prompts and settings and the cross-validation results, it can be seen
that the precision varies. In only 3 experiments out of 5 experiments the precision in
cross-validation is approximately similar to the precision when using GPT-4 own prompts
and settings. Especially experiment 4 shows a low precision using cross-validation.
Comparing recall there cannot be seen any significant difference between recall-testing with
GPT-4 prompts and settings, and using cross-validation. Comparing the testing results to the
development results, in the test results precision is lower and recall is higher than during
development.

Gemini Pro: Individual Results (Development)
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Graph 11: Gemini Pro Individual Results (Development)

Graph 11 shows the results of top 5 experiments conducted on Gemini Pro when developing
prompts. Looking at the graph and its individual experiments it can be seen that the precision
ranges from 80% to 87%, indicating that the model is detecting all sentences that it classified
as having idiomatic expression as correctly. It can be seen that the recall is also relatively
high compared to the precision measurement, which means that, out of all of the idiomatic
sentences present in the dataset, Gemini Pro is able to detect a relatively high number of
them. This indicates that, out of the entire dataset, 81.42% of all the idiomatic sentences are
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detected. Additionally, experiment 5 shows that, under certain parameters used for this
experiment, out of all of the sentences that the model deemed as idiomatic, only 71.25% of
them were treated as such.

Gemini Pro: Individual & Cross-Validation Results (Testing)
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Graph 12: Gemini Pro Individual & Cross-Validation Results (Testing)

Graph 12 shows the results of Gemini Pro individual testing and its cross-validation with
GPT-4 prompts and settings. Looking at the graphs, the precision using Gemini Pro’s own
prompts and settings is consistently higher than the precision during cross-validation. The
cross-validation recall compared to the recall with Gemini Pro’s prompts and settings is
higher in 4 out of 5 experiments. This indicates that Gemini Pro detects sentences containing
correctly idiomatic expressions more often with GPT-4 prompts and settings, than with its
own.

Concluding it can be said that the models behaved differently during development than
during testing. GPT-4 scored a high precision, and low recall during development, however
during testing the precision was slightly lower, and the recall was approximately similar as
during development. Gemini Pro scored a relatively high precision and recall during
development, however during testing the precision was lower, the recall was higher than
during development. This difference could be due to the parameters used within their prompts
in every experiment.

4.2.2 LSTMs

Between the comparison of the two RRN models, Table 3 containing the two BILSTM-RNN
& LSTM-RNN models, gives a good overview. Additional model results can be seen in
Appendix D and E. These results of the bidirectional and unidirectional model are based on 5
experiments and the calculation of the mean result. The mean results based on all metrics are
represented in the table.
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Model
Metric Bi-LSTM-RNN LSTM-RNN
Recall 90.28% 25.24%
Precision 95.31% 79.27%
FO0.5 94 54
ROC-AUC 99.70% 59%
PR-AUC 97.71% 27%
Probability Threshold 80% —
Dataset size 2409 2409

Table 3: BiLSTM-RNN & LSTM-RNN Performance Results

It can be clearly seen that the bidirectional model has higher values for all of the metrics.
When looking at recall the bidirectional model scores 90.28% whereas the unidirectional
model only scores 25.24% of recall. Additionally, the bidirectional model has a higher
precision being 95.31%, whereas the unidirectional model has a precision of 79.27%. Based
on F 0.5 the bidirectional model scores the value of 0.94, whereas the unidirectional model
scores 0.54.

With regard to the probability threshold, its implementation was exclusive to the bidirectional
model. During the analysis of the probabilities generated by the model’s output, the threshold
serves as a control mechanism in determining the appropriate label assignment to a processed
sentence. If the probability generated by the model’s output is below the threshold value, the
label is set to 0; otherwise, the label is assigned a value of 1.

=
-
Y

ROC-AUC Precision-Recall AUC
1.0 4 - 1.0
I’I
’f 0.9+
0.8 4 e
,/ 0.8 -
g -
2061 et 0.7 4
= e 2 0.6
g ~” g
g

’, 0.5 1
-
-
e 0.44
0.2+ e '
-
-
i 0.3
L7
po4d # ROC curve (area = 0.59) 02l — Precision-Recall curve (area = 0.27)
00 0z 0a 06 08 10 0o 02 04 o6 08 10
False Positive Rate Recall
Graph 13: LSTM-RNN: ROC-AUC Graph 14: LSTM-RNN: Precision-Recall-AUC
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Graph 13 and graph 14 show two curves: the ROC-AUC on the left, and the precision-recall
curve on the right. The ROC-AUC shows the balance between recall and false positives. It
shows how many sentences were identified as containing idiomatic expressions in them
correctly, and how many sentences were falsely identified as containing idiomatic
expressions in them; however, they do not contain idiomatic expressions. Furthermore, this
relies on how large the dataset containing classifiable sentences is. The precision-recall curve
on the right side shows how precision and recall change at different classification thresholds.
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Graph 15: BiLSTM-RNN ROC-AUC Graph 16: BiLSTM-RNN Precision-Recall-AUC

Graphs 15 and 16 represent the equivalent metrics as graphs 13 and 14, however for the
BiLSTM-RNN approach.
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Graph 17: BiLSTM-RNN: Probability Distribution

Graph 17 shows the predicted probability distribution of the BILSTM model. An examination
of the graph facilitates an assessment of the model's certainty in assigning a specific
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probability to a sentence. It is evident that the model exhibits a tendency to assign
probabilities that are either closer to the range of 0.1-0.2 or to the range of 0.8-1, meaning
that the model has two peaks. This illustrates the model’s clear separation of predictions
rather than a uniform spread of probabilities. The model is confident classifying a particular
sentence as idiomatic or non-idiomatic.

LLM vs. RNN: Comparison
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Graph 18: LLM vs. RNN: Comparison

Graph 18 shows a comparison between two methods for idiomatic detection by calculating
mean scores from each approach: LLM using GPT-4 and Gemini Pro and RNN using
LSTM-RNN and BiLSTM-RNN.

Having reviewed the differences between the two LLM models separately, it can be said that
regarding the LLM models GPT-4 performs well on precision, however, not well on recall.
Gemini Pro on the other hand, scores better in recall, however, not well on precision. When
comparing the models during cross-validation, it can be seen that the highest values are
miscellaneous across the experiments. Gemini Pro scores better using GPT-4 settings than
vice versa. Precision is more balanced during cross validation of Gemini Pro, than for GPT-4.

When looking at the RNN models, it can be seen that the BILSTM-RNN model achieves
overall higher metrics than the LSTM-RNN model and both LLMs.

4.3 Analysis of Results

This section focuses on the analysis of results for both LLM models and both RNN models. It
presents the LLM results and gives examples of sentences that were classified as idiomatic or
not idiomatic by the LLM. The RNN results are presented and set in comparison to both
RNN models. All the sentences that are presented as examples, are taken from the dataset.
Due to restrictions the sentences have been paraphrased, however, the idiomaticity has been
maintained showing in the examples in bold.
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4.3.1 GPT-4

The quantitative results of GPT-4 will be presented again, before the qualitative examples are
shown.

During development, GPT-4 is able to classify a high number of sentences containing
idiomatic expressions, consistently achieving high precision. The recall score is not
consistently as high as precision.

1. Precision: 86.36% - 100%
2. F0.5:83.33%-90.91%
3. Recall: 63.64% - 73.08%

Regarding the testing GPT-4 precision was not consistently as high as in development.
However, recall achieved higher scores during individual testing than during individual
development. The results are the following:

1. Precision: 82.30% - 87.30%
2. F0.5:83.40% - 86.59%
3. Recall: 83.90% - 88.90%

In experiment 1, 2, and 3, zero shot prompts were used. In experiment 4, we instructed the
model to act as a professional English translator, in experiment 5 the model mimicked a
language and literature specialist. In experiment 3 the temperature was set to 0.8, in the other
experiments the temperature was set to 1.0, and the max token was changed. The difference
between experiment 1 and 2 is the difference in the usage of max tokens (max tokens=2 and
max tokens=1, respectively). The same has been done in experiment 4 with 1 max token and
in experiment 5 with 2 max token. Further information regarding prompts and settings can be
found in Appendix B.

Since experiment 1 and 4 achieve the highest recall, it is best to examine several instances of
its annotation output.

The experiment results show that the model is able to correctly identify the following cases of
idiomatic expression:

1. Idiom: “This feels quite nerve-racking to me.” - referring to something that is
causing Stress or nervousness

2. Lexical Ambiguity: “It would ease my pain if we could postpone the meeting.” -
referring to it would be stress relieving if the meeting could be postponed

3. Phrasal verb: “Relax and shake off the stress.” - referring to letting go, relaxing
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4,

5.

Metaphor: “It’s out there, start searching for it.” - referring to in the world outside

Saying: “I’'m on my way.” - referring to a person moving/traveling

However, GPT-4 also classifies sentences as idiomatic when it should not:

I.

Nk

“-John Smith. -This is Australia’s best friend.”
“There could be a loss of species like sevengills.”
“You don’t have to worry about anything.”

“You gave that old house some character.”
“Don’t worry.”

It is unclear why GPT-4 classifies them as idiomatic. It could be that the model detects proper
names (example 1) and species names (example 2) as idiomatic. Character in example 4
could be classified as idiomatic due to impersonation. In example 3 and 5 it is unclear which
part of the sentence the model classified as idiomatic.

The following examples showcase when the model counted a sentence as non-idiomatic,
whereas it should have been considered as one:

Idiom: “What the future holds for her, I can’t say.” - referring to that the future is
uncertain or unknown

Lexical Ambiguity: “He’s in here causing terror.”’- referring to being literally
responsible for creating problems/terror or figuratively causing terror in creating fear

Phrasal verb: “During this season flowers pop up early.” - referring to something
appearing

Metaphor: “Finally my secrets are out, and I don’t need to hide anything longer.” -
referring to something was spoken out loud

Saying: “Take as much chocolate as you want, don’t be shy.” - referring to that there
is enough chocolate to be used

Reviewing these examples we can see that they are being detected as non-idiomatic by the
model. These examples should be classified as idiomatic, since they showcase typical
examples based on the definition we made. Speculations can be that the model took these
idiomatic expressions literally, like don t be shy.

The results for cross-validation are the following:

1.
2.

Precision: 77.06% - 88.70%
F 0.5: 79.30% - 87.95%
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3.

Recall: 85.10% - 90.20%

This shows that the recall is higher when using cross-validation with Gemini Pro, than during

normal testing.

The model marks the following sentences as correctly containing idiomatic expressions:

1.

Idiom: “Sometimes, I don’t understand her, I need a bit more time to get a read of
her.” - referring to understanding her behavior

Lexical Ambiguity: “If he’s stretching for me later, I would appreciate that.” -
referring to reaching out, getting in contact

Phrasal verb: “Hopefully, this problem is solved soon, so I can tick it off and move
on.” - referring to finishing something and letting go of something

Metaphor: “I’m short on money, so my lady is paying for everything.” - referring to
oneselves girlfriend

Saying: “This could be the key to our problem.” - referring to that something is
crucial

However, GPT-4 classifies also sentences as idiomatic which are not idiomatic:

1.

2
3.
4
5

“I didn’t expect such a place, I wouldn’t have thought that.”

“This tastes more like food served to animals than serving it to humans.”
“This feels really uncomfortable, they don’t make an effort to leave.”

“I don’t see that he’s ready to love her.”

“Was he okay when you left him?”

These examples are non-idiomatic, the model could have seen idiomaticity in the following
examples: okay as colloquial speech in example 5, food served to animals in example 2 as
metaphor for bad tasting food. It is unclear which idiomaticity the model saw in example 1
and example 3. In example 4 the model could have marked it as idiomatic based on see that
he's ready to love, this could be marked as metaphoric, since love can’t be seen through eyes.

The model has classified the following sentences as non-idiomatic, while, in fact, they are
idiomatic:

I.

Idiom: “I got into this course I wanted, now it’s step by step to finish it.” - referring
to being able to start a course and focussing on repeated small progress
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2. Lexical Ambiguity: “All this attention being paid to her.” - referring to that she
receives attention

3. Phrasal verb: “We put out some pictures on the internet.” - referring to providing
access to the pictures

4. Metaphor: “You can see it in her, that she’s romantic.” - referring to somebody being
romantic and its visibility

5. Saying: “You scored a ten out of ten in that game, congratulations.” - referring to that
the person seems flawless

Being classified as non-idiomatic could be based on the fact that the model had difficulty
understanding them, and took them literally, like attention being paid to her or step by step.

In examining the impersonalization approach in depth, it has been noticed that the LLM is
able to generate better results when impersonating a translator. One plausible explanation for
this pattern is that translators are primarily concerned with conveying textual meaning from
one language to another. This task demands a profound grasp of linguistic nuances, yet may
not present a necessity for an exhaustive understanding of literary or grammatical rules.
English language and literature specialists, in contrast, may concentrate more on stylistic
elements of language, including grammar and vocabulary. It is possible that GPT-4 possesses
greater proficiency in mimicking the core tasks of a translator than the more intricate role of a
literature specialist.

Two approaches seem to be particularly effective when working with GPT-4:

1. No Impersonation, Low Temperature, Zero-Shot Settings: In this approach, the model
is not required to impersonate any specific role, a low temperature setting is used to
promote conservative behavior, and the prompt is presented in a zero-shot format
without presenting specific figurative elements.

2. "Translator" Impersonation, Low Temperature, Zero-Shot Settings: This approach
requires the LLM to impersonate a translator in order to complete the task. Similarly,
the impersonation is accompanied by a low temperature and zero-shot prompt
settings.

4.3.2 Gemini Pro

Speaking about the Gemini Pro’s results, the LLM can classify a high number of sentences
containing idiomatic expression, consistently achieving high precision, and recall scores in
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development demonstrating the model's preference to strike a balance between precision and
recall with the following bands:

1. Precision: 71-84.10%
2. FO0.5:73-84.25%
3. Recall: 81-84.84%

Regarding the testing part of the research, Gemini Pro still showcases even higher results as
well, but this time, giving more preference towards precision rather than recall. The metric
results are the following:

1. Precision: 85-95.97%
2. F0.5:84-91.53%
3. Recall: 79-81.54%

In experiments 1, 2, and 5, the effects of temperature settings were tested to determine how
they affect the LLM in idiomatic expression detection tasks. All three experiments employed
the same zero-shot prompt and impersonalization techniques.

In contrast, experiment 3 employed the same impersonalization techniques but used a
one-shot prompt. This means that for each idiomatic expression notion, the model was
provided with an example of how the idiom is used in context. This was done to investigate
whether providing the model with an additional source of information would improve its
performance.

Finally, experiment 4 utilized a distinct prompt, different impersonalization, and temperature
configuration. The temperature setting was also adjusted to optimize the model's
performance. The prompts and temperature settings are accessible in Appendix C.

The comparison between the development and the testing results reveals that, given more
sentences, 3 out of 5 times that correspond to experiments 1, 2, and 5, Gemini Pro is inclined
to give preference to precision rather than recall. Regarding experiments 3 and 4, the model
strikes a balance between the two metrics, meaning that one-shot prompt in experiment 3 and
moderate temperature might be more suitable for the idiomatic detection task. While
experiment 4 also finds a balance, a high temperature utilized in the model’s settings makes
the experiment less reproducible, meaning that further testing of the experiment might return
different results.

Furthermore, the implementation of two distinct roles in the prompts, an English language
and literature specialist and a lexicographer, had minimal impact on the results. This suggests
that Gemini Pro primarily relies on its inherent linguistic knowledge and capabilities, rather
than heavily relying on the contextual information provided by the assigned roles. This
observation highlights the LLM's ability to leverage its internal resources effectively to
generate consistent and accurate responses.

62



Since experiment 3 manages to strike the most balance between precision and recall, it is best
to examine several instances of its annotation output.

The experiment results showcase that the model is able to correctly identify the following
cases of idiomatic expression:

1. Idiom: “She’s walking into the lion’s den full of enemies.” — referring to entering a
dangerous or hostile situation.

2. Ambiguity (Lexical): “Why is she making pissed chicken again??”. — it is unclear
whether it is a certain type of recipe named “pissed chicken”, or the person is
cooking and is drunk.

3. Phrasal Verb: “Seriously? Get outta here, I’'m not dealing with that.”. — referring to
asking to leave.

4. Idiom: “Let’s be honest, that kicked our asses”. —referring fo defeating someone.

5. Idiom: “We need to be on the same page about it.”. — referring fo having the same
kind of understanding of a situation.

However, Gemini Pro also identified the following instances as idiomatic, when, in fact, they
were not:

“It’s cold enough to stay inside”.

“Let’s make them wait for a bit”.

“-I think you’re still angry. - I’'m not. I’'m smiling”.
“very nice. wow. -wow. look at the size of this.”

e

The first sentence could have been marked as idiomatic due to its colloquial structure. Whilst
the sentence is grammatically correct and sends a clear message, it adopts a conversational
structure commonly used in idiomatic expressions.

In the second sentence, while the structure is straightforward and grammatically sound as
well, the inclusion of “for a bit”, which is commonly used in informal settings to suggest a
short period of time, could have contributed to its classification as idiomatic.

The third sentence presents a conversational exchange that resembles idiomatic speech
patterns. The brevity of the dialogue, alongside its use of contractions and informal language,

mimic the structure of idiomatic expressions commonly presented in informal speech.

Moreover, while each sentence individually may not be idiomatic, the overall style of the
conversation could have contributed to its misclassification.
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The last sentence might have also been misclassified due to its conversational nature and
interjections such as “wow”.

While it is unclear why Gemini Pro classified the aforementioned sentences as containing
idiomatic expression, one of the possible speculations might be the fact the sentences exhibit
characteristics of informal speech or conversational pattern, as well as the presence of
informal speech elements such as contractions, colloquial phrases and direct dialogue , which
Gemini Pro might have perceived as idiomatic in nature.

Lastly, there are a number of examples when the model counted a sentence as non-idiomatic,
whereas it should have been considered as one:

1. Idiom: “He’s so in love with her, but she’s gonna drop the bomb that they’re
breaking up”. — it could refer to delivering shocking news.

2. Idiom: “We’re sailing around, and sometimes what you can see in the water is a bit hit
or miss”. — referring to not being able to tell if something can be good or bad.

3. Idiom: “I put some things together and realized she was cheating on me.” — referring
to understanding a topic or situation.

4. Ambiguity (Syntactic): “I wish I had Taylor Swift’s nose”. — referring to either
obtaining Taylor Swift’s nose or having ones nose done to make it look like one of
Taylor Swifts.

5. Idiom: “Are you sure? She’s a character!”. — referring to either mentioning a specific
character in a story (e.g book) or describing a person as interesting or unusual.

When comparing the individual testing results to the cross-validation, the outcomes are the
following:

1. Precision: 81-83%
2. FO0.5:81-84%
3. Recall: 79-95%

It is evident that when implementing prompts and settings tailored for GPT-4, the results
shift, prioritizing recall over precision. Out of 5 experiments, only experiment 3 manages to
find a balance between these two metrics, scoring 80.98% in precision and 83.30% in recall.

Investigating the prompt and the temperature setting of experiment 3 that obtained a balance
between the metrics, it becomes possible to determine that the results have been obtained
using a zero-shot prompt without mimicking any specialist or profession. However, a high
temperature of 0.8 is utilized alongside the prompt, which might indicate that further
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experimenting with the prompt and the setting might not bring the same results.

Referring to experiment 4, when precision is preferable over recall, scoring 83.33% and
79.94%, a zero-shot prompt with the “professional translator from English mimicking” and a
temperature of 1 are used. However, since the experiment used a high temperature value,
upon further testing, these results may not occur again.

These findings might imply that the prompts and corresponding settings generated for GPT-4
might be less suitable for Gemini Pro if the main goal of the research is to find a balance
between the metrics to not only find actual idiomatic expression in the sentences that the
system marks as idiomatic, but to detect all the possible idiomatic expression instances in the
whole dataset as well.

Additionally, it is worth discerning one of the experiments to establish an understanding of
what sentences have been classified correctly and where the model made mistakes. Since
experiments 3 and 4 are less reproducible, it is better to pick one of the more robust
experiments. For this task, experiment 1 is picked as it has been conducted using the lowest
temperature, facilitating its reproducibility in the future.

Based on the output, it is visible that the model is able to classify many instances of idiomatic
expression. Some of them are the following:

1. Idiom: “Age is just a number, I’'m 50 going 20 and I feel so young at heart”. —
referring to being physically 50 years old but feeling like a 20-year-old.

2. Ambiguity (Lexical): “Gotta bring the chick back”. — referring to either a chicken or
a vulgar name for a woman.

3. Saying: “Hearing her say she had covid again, my heart just sank. Everything
stopped”. — referring to experiencing a strong feeling of sadness or despair.

4. Ambiguity (Lexical): “Why are you so dry?” — referring to either experiencing a
physical state of dryness (e.i. dry skin) or being unresponsive in a conversation.

5. Idiom: “Your underhand mean casts suspicion on a man”. — referring to a person
who is dishonest or unfair in a concealed way.

In this experiment, Gemini Pro also identified the following instances as idiomatic, while
they were not annotated as such:

“Feels like females need more persuading than men”.
“-how are you? -All good here, thanks!”

“-Wanna watch a video? -Sure thing”.

“She don’t wanna pay no bills”.

b e
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5. “Five years younger, ding, ding. Try 26 younger, haha”.

The first sentence presents a case of pronoun omission, which might have contributed to the
model’s output results in having the sentence classified as idiomatic.

The second sentence reflects a standard conversational exchange marked by its informality.
While each sentence separately may not be deemed as idiomatic, the pattern of short, direct
responses as the use of contractions mimic conversational patterns usually presented in
idiomatic expressions.

The third sentence resembles the same structure as the second sentence referring to its
conversational structure and the use of contractions. Additionally, the omission of pronouns
at the beginning of the dialogue might have also contributed to the misclassification.

The fourth sentence presents non-standard grammar and double negation, that are normally
found in informal speech. While it is grammatically incorrect in standard English, the
sentence reflects linguistic patterns usually found in idiomatic expressions tied to informal
settings.

The last sentence might have also been characterized as idiomatic based on the use of the
interjection like “ding, ding”, which could have contributed to Gemini’s inability to classify
them as non-idiomatic.

While it might still be arduous to pinpoint why the LLM classified these sentences as
idiomatic, one hypothesis could be that the sentences exhibit a certain state of conversational
and informal nature, as well as the presence of specific linguistic features, such as double
negation, which are commonly found in idiomatic expressions.

Finally, below are some of the sentences that the model has classified as non-idiomatic,
while, in fact, they should have been classified as idiomatic:

1. Ambiguity (Lexical)/Idiom: “-Is this what I think it is? -It’s a cracker, isn’t it?” —
referring to either a piece of food or something that is considered as funny or

excellent.

2. Idiom: “European diseases took their toll on traditions.” — referring to the destructive
impact of disease to a cost.

3. Ambiguity (Lexical): “Backyard chills by the pool are my jam, and barbie made it
even better”. — referring to a thing a person enjoys (my jam). Referring to either a

Barbie toy or a slang word for barbecue (barbie).

4. Idiom: “I’m excited about what the future holds for us”. — referring to expressing
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uncertainty about future events.

5. Phrasal Verb: “I’ve gotta take off, but thanks for lunch again!” — referring to leaving
the place.

To recapitulate, four main conclusions can be drawn:

1. If the main goal is to prioritize precision over recall, then Gemini Pro performs best
using the “English language and literature specialist” impersonation paired with either
a low temperature of 0.2 or a medium value of 0.5 and a zero-shot prompt.

2. If the main goal is to prioritize recall over precision, then any of the prompts
generated for GPT-4, except experiments 3 and 4, are suitable for this task.

3. If the main goal is to strike a balance between precision and recall, then Gemini Pro
performs best using the one-shot prompts paired with the “English language and
literature specialist” impersonation and a medium value temperature of 0.4.

4. Gemini Pro is prone to classifying sentences as instances containing idiomatic
expression if these sentences contain elements of colloquialism, as well as
conversational and informal nature, which might not be a wvalid indicator for
idiomaticity in a sentence.

4.3.3 RNNs

Speaking of the RNN model, there were two different models built: a BILSTM (bidirectional)
RNN and an LSTM (unidirectional) RNN. For the selection of the data, the same experiment
was run 5 times, additionally, mean results for each metric were calculated. This was done for
both models. The reason for calculating the mean results was to check the models’
robustness.

The results for the bidirectional model are the following:

1. Precision: 95.31%

2. F0.5:0.94

3. Recall: 90.28%
Regarding these results it can be seen that the bidirectional model with almost full certainty
mark sentences contain idiomatic expressions as correctly. In addition, it scores high at the

precision, meaning it detects sentences containing idiomatic expression with 95% likelihood.

The results for the unidirectional model are the following:
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1. Precision: 79.27%
2. F0.5:0.54
3. Recall: 25.24%

It can be seen that the results for the unidirectional are worse than the results from the
bidirectional counterpart. This can be referred back to the different structure of the models
and, in the case of the unidirectional model, to the simpler architecture.

By investigating some of the results produced by the BILSTM-RNN, it becomes possible to
assess whether or not the model is able to perform a binary classification task in the domain
of idiomatic expressions.

The examples of correctly labeled sentences are the following:

1. Idiom: “That house of hers will be left to my name” — referring to belonging to
someone or inheriting something.

2. Phrasal Verb: “Hey, stop, you’re wearing out this car” — referring to degrading the
quality of something by excessively using it.

3. Phrasal Verb: “Do you think you can take her down there?” — referring to either
bringing the person to a physical location or defeating her.

4. Metaphor: “It’s a pot of adventure” — referring to comparing the abstract concept of
adventure to a tangible object and implying a sense of abundance.

5. Metaphor: “Zebras stay next to the banks of the river to avoid jaws lurking in the
water”. — referring to predators.

Additionally, BILSTN-RNN identified the following examples as idiomatic despite the fact
that they were not considered as such:

“Guess what we’ve got here!. -party!”

“...and they’re talking and talking”.

“-right now? - no, maybe later, though, ok?”
“This thing right there, like I don’t understand it”.
“oh no. she’s getting mad”.

A e

The first sentence presents a conversational exchange marked by its informality. The use of
contractions colloquial language and, possibly, the exclamation “party!” might have biased
the model leading to the misclassification, which might imply that the model might present a
degree of inability to differentiate certain informal conversational patterns and idiomatic
expressions due to limited training data.
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The second sentence features repetition and a casual tone. While grammatically correct, the
mentioned features might have contributed to the misclassification, meaning that the model is
not able to differentiate between repetitive language used for emphasis and genuine idiomatic
expressions.

The third sentence includes a conversational pattern characterized by hesitancy and
informality. The use of contraction, hesitation markers, such as “maybe later, though”, and
the informal agreement “ok™ contribute to its informal nature, resembling idiomatic
expressions used in casual conversations. The misclassification by the model could be
attributed to its inability to differentiate between informal conversations and idiomatic
expressions.

The last sentence contains informal language “oh no” and a colloquial expression “getting
mad”, both of which are features mostly found in idiomatic speech. The misclassification by
the BILSTM-RNN model could be tied to its failure to differentiate colloquial expressions
and genuine idiomatic expressions.

When speculating about these results, one potential explanation for the observed
misclassification may be attributed to the limited availability of training data, which may
have skewed the model's ability to learn more nuanced linguistic patterns. Consequently,
certain non-idiomatic sentences may have been mistakenly classified as idiomatic.

The following examples are the examples of sentences originally marked as containing
idiomatic features, but they were misclassified by the model:

1. Idiom: “I’ve been through hell and back” — referring to experiencing an extremely
difficult event.

2. Metaphor: “These connections and emotions - I’'m taking it home” — referring to
withdrawing someone’s emotional investment in something/someone.

3. Ambiguity (Lexical)/Idiom: “Buckle up!” — referring to either physically putting a
seatbelt on or preparing for something.

4. Ambiguity (Lexical): “I didn’t get it” — referring to either not obtaining an object or
not understanding a certain concept.

5. Idiom: “He’s blowing my mind. He’s done such a great job” — referring to expressing
intense positive surprise.

By investigating the unidirectional LSTM, some sentences labeled as correctly idiomatic are
the following:
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1. Idiom: “I’m done, I’m not standing for it any longer.” - referring to having stopped
defending a position/an argument

2. Phrasal Verb: “It feels that something’s off in here, so let’s put our fingers on it.” -
referring to something being strange and clarifying something

3. Syntactic Ambiguity: “And my first thought was: “is she fucking with us”?” -
referring to sexual intercourse or that the person is intentionally causing
confusion/understands what is going on

4. Metaphor: “Why does he spend face time with me?” - referring to meeting in person

5. Sayings: “He is alone in his corner, nobody else is there.” - referring to having
nobody on your side

Sentences that were originally marked as containing idiomatic features, but that were
misclassified by the model as being non-idiomatic:

1. Idiom: “His behavior is all up and down all day.” - referring to that there are feelings
of unsteadiness

2. Phrasal Verb: “Glad that you took the opportunity and showed up.” - referring to that
somebody arrived

3. Lexical Ambiguity: “She always seemed to have a business mind.” - referring to that
the person is good at business

4. Metaphor: “My feelings are all through the roof.” - referring to that the anxiety is
very high

5. Sayings: “He’s a mess, and he’s feeling on the wrong side of the tracks most days.” -
referring to the fact that he feels poor/criminal most of the days

These examples should be classified as idiomatic, since they showcase typical examples
based on the definition we made. Speculations can be that the model took these idiomatic
expressions literally, like through the roof or wrong side of tracks.

Sentences that were wrongly labeled as idiomatic, however, they are not idiomatic:
1. “Please contact us mr smith, that’s when we knew.”

2. “The white shark is an indolent hunter.”
3. “The tiny joey was more of an embryo than a baby, after being born it crawled up into

the pouch of its mother’s belly.”
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4. “This is unacceptable behavior.”

5. “Don’t hesitate to say hi.”

It is unclear why the model detects proper names like mr. Smith and tiny joey (example 1 and
3), species names like white shark (example 2) and colloquial speech like 4i as in example 5
as idiomatic. In example 4 it is unclear which part of the sentence the model classified as
idiomatic.

4.3.4 Commonalities

Despite having various answers, there are several general similarities and differences in
LLMs’ and RNN’s responses; the following conclusions can be drawn regarding their
outputs.

1. Both approaches are able to identify instances of idioms such as “into the lion’s den”
or “on the same page” and others, which might imply that when dealing with
instances that exhibit features that could only be discerned in a figurative way, both
approaches are able to process such data successfully.

2. Some idiomatic instances that exhibit ambiguity tend to be misclassified more by
Gemini Pro in the LLM and LSTM-RNN in the DNN approaches, indicating that
Gemini Pro and LSTM-RNN might not have been trained on enough data that would
represent identical or similar instances, allowing both models to process any other
data that resembles the misclassified sentences correctly. Additionally, LSTM-RNN
might exhibit additional challenges in identifying such instances successfully due to
its unidirectional nature.

3. Both Gemini Pro and LSTM-RNN tend to misclassify sentences that exhibit
conversational patterns, opening a question whether both models had enough data
resembling such patterns during their training cycles.

4. GPT-4 and BiLSTM-RNN did not successfully classify instances that present
incorrect grammatical structures, which also raises a question whether the training
data for both models contained enough examples of similar patterns to allow the
models to learn.

5. Apart from Gemini Pro, the other three models are able to successfully process long
examples and mark them as either idiomatic or not.

6. None of the approaches managed to classify the following sentence correctly: “I’'m
excited about what the future holds for us”, which raises the question whether the
transparency of the sentence’s meaning can lead to uncertainty in models’
classification of the sentence. “Future holds” might be considered a common
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metaphorical phrase, but it does not deviate far from literal meaning as some idioms
do (e.g. “kick the bucket” for dying).
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5. Conclusion

This thesis has worked on automatically classifying idiomatic expression in sentences, using
two different approaches - an LLM approach and an RNN approach - to establish how well
the two different approaches detect idiomatic expression in sentences.

The first research question explored the extent to which LLMs (GPT-4 and Gemini Pro) and
DNNs (LSTM-RNN and BiLSTM-RNN) could classify sentences based on the presence of
idiomatic expressions. The findings demonstrate that both approaches hold promise for this
task.

Both GPT-4 and Gemini Pro achieved comparable performance, particularly during
cross-validation. They exhibited precision scores of 87% and 95%, respectively, and recall
scores of 88% and 83%.

Regarding the DNN approach, the BILSTM model significantly outperformed the LSTM
model, achieving a precision of 95% and a recall of 90%. The LSTM model, on the other
hand, exhibited lower performance with a precision of 79% and a meager recall of 25%.

The second research question aimed to determine if there were distinguishable differences
between the chosen LLMs (GPT-4 and Gemini Pro) based on their performance in idiomatic
expression detection. While both models achieved similar results, a slight edge was observed,
where Gemini Pro demonstrated a slight advantage with a precision of 95% compared to
GPT-4's 87%. However GPT-4 exhibited a modest advantage with a recall of 88% compared
to Gemini Pro's 83%.

The third research question investigated how well the DNNs performed in idiomatic
expression detection and if one architecture prevailed over the other. The analysis revealed a
clear distinction showing that the BILSTM model demonstrably outperformed the LSTM
model across all metrics,achieving significantly higher precision and recall.

To recapitulate, the findings suggest that while both LLM models achieved comparable
performance, particularly during cross-validation, further exploration of ensemble learning
approaches might be beneficial to leverage their combined strengths. In contrast, the BILSTM
architecture demonstrably yielded superior results within the DNN framework.

Speculating why the BiLSTM model outperformed both LL.Ms, one could mention that the
BiLSTM model is specialized meaning that it is specifically designed for the task of
classifying sentences as idiomatic or non-idiomatic and trained on specific data for the
mentioned task.

On the other hand, LLMs, such as GPT-4 or Gemini Pro, are generalists. They’re trained on
massive amounts of various texts to understand language broadly. While scalable, the LLM
approach might be less successful at classifying sentences as either idiomatic or not.
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5.1 Future Research

To ameliorate the limitations of the current study, future research could explore several
promising trajectories. One such trajectory is investigating the efficacy of both Gemini Pro
and GPT-4 and other extensive language models in discovering idiomatic expressions across
multiple languages. This would facilitate broader applicability of the findings, thereby
providing insights into the cross-lingual capabilities of LLM models.

Furthermore, a crucial domain for future research is evaluating and comparing the
capabilities of different Gemini models, including Gemini Pro, to ascertain the most suitable
model for idiomatic expression detection. This would entail assessing factors such as model
size, training data, and performance on idiomatic expression detection tasks.

Additionally, augmenting the amount of data used for experimentation is crucial to capturing
a more diverse spectrum of idiomatic and non-idiomatic expression instances for both LLM
and RNN models. This could involve collecting more data from various sources.

Lastly, exploring the utilization of supplementary techniques, such as transfer learning and
fine-tuning, could further enhance the performance of both LLM and RNN models in
capturing idiomatic expression.

5.2 Ethics

Between the company that represents a non-academic approach, and the university that
represents an academic approach, conflicts arose in accessing the data. We are unable to
make the original data available, due to reasons that could be negative for the company.

We have been working on a comparably small dataset. Working with this dataset we have not
found any harmful speech or social biases. However, we cannot exclude the fact that the
larger dataset may include biases or harmful speech.

When working with prompting the LLMs, explicitly GPT-4 and Gemini Pro, as well as,
training and testing recurrent neural networks developed for this research, it is crucial to
mention the topic of energy consumption.

Energy consumption refers to the amount of energy that is used to execute a certain process,
which is measured in kilowatt-hours (kWh) (REPSOL, 2023).

Speaking about the training of Gemini Pro and its carbon footprint, Google does not provide
any documentation on the environmental impact when developing the LLM.
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The following passage offers speculation on how much CO2 Gemini Pro might produce
when undergoing a training cycle based on its counterpart - ChatGPT, which is based on
GPT-3.

In their research, several scientists reported that training GPT-3 produces approximately 552
metric tons of CO2e (Patterson et al., 2022). Consequently, taking into account Google’s
remarks mentioned in Chapter 3 stating that Gemini Pro is GPT-3’s rival, it is safe to assume
that Gemini Pro might be more computationally exhaustive producing a bigger amount of
carbon emissions.

During the development of the BILSTM-RNN module, the model has been re-trained 24
times to ensure that it achieves the best results possible. The model’s training parameters as
well as each version of the trained model have been stored locally to mitigate the need to
excessively restart the program to obtain the same results should the need to use a specific
version arise.

Additionally, most parts of the code have been automated and put into a pipeline, minimizing
chances for human error and thus, the need to re-run the program.

The training and testing cycles of the BILRM-RNN model were conducted using an Apple
MacBook Pro 2020 with the M1 chip, 8 gigabytes of RAM, and 512 gigabytes of SSD. The
full training cycle took approximately 20 minutes and taking into account that the program
has been used 24 times, the total training time is approximately 8 hours, which results in =
0.004kg of CO2 usage, which equates to ~(0.047 bananas.

When focusing on the carbon footprint of GPT-4, OpenAl does not provide any information
on its website. However, they mention that GPT-4 has been trained on “Microsoft Azure Al
supercomputers”™. Deng et. al (2023) who examine different LLMs on its Product Carbon
Footprint qualifying the life-cycle emissions of products mention the training data of GPT-4
being 1 trillion parameters. Furthermore, they mention that GPT-4 and GPT-3 datasets consist
of Wikipedia, book corpora, Webtext2 dataset, and lastly Common Crawl dataset. The last
dataset, contributes 60% of the whole compounded dataset, the petabytes of the data resulting
in 12 years of web crawling. Furthermore, GPT-4 contains 8192 maximum tokens, and its
training data lasts up to September 2021.

As Patterson et al (2023) mention that GPT-3 the estimated carbon emission in training is 552
tCO2e, and the resulting energy consumption is 1287 MWh.14, based on 175B parameters.
Based on that, and the knowledge that GPT-4 is the newest model by OpenAl, we can assume
that GPT-4’s energy consumption is even higher. Additionally, OpenAl mentions that they
focus on “more data and more computation to create increasingly sophisticated and capable

language models.”"

°® OpenAl, 2023. https://openai.com/gpt-4
'© OpenAl, 2023. https://openai.com/gpt-4
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During the development of the unidirectional LSTM model, the model has been retained 24
times to ensure that it achieves the best results possible. The model’s training parameters, in
addition to each version of the trained model, have been stored locally.

The training and testing cycles for the unidirectional LSTM were conducted using an Apple
MacBook Air Retina 2020 with 8 gigabytes of RAM, and 256 gigabytes of SSD. The full
training cycle took approximately maximum 5 minutes, the testing cycles took approximately
30 minutes. This results in = 0.012 kg of CO2 usage. That equals to = 0.155 bananas.

The aforementioned calculations have been conducted using the CO2 GU mltgpu tutorial
presented by Simon Hengchen. "

The discussion of CO2 usage during the development of the neural network is paramount as
not only it presents the possibility to shed light on how much the experiments conducted in
the NLP community contribute to the total CO2 production but also paves a way to track,
control, and possibly reduce CO2 emissions in the future.

" GitHub, 2021.
https://github.com/faustusdotbe/CO2_GU_mltgpu/blob/main/mltgpu_co2.ipynb
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Appendices

Appendix A: Separate & Cross-Validation Results

GPT-4: Individual & Cross-Validation Results (Testing)

Precision
Experiment Nr Precision (CY) FO0.5 F0.5 (CV) Recall Recall (CV)
Experiment 1 82.50% 82.50% 83.70% 83.60% 88.90% 88.80%
Experiment 2 84.80% 81.60% 85.49% 83.06% 88.30% 89.50%
Experiment 3 87.30% 88.70% 86.59% 87.95% 83.90% 85.10%
Experiment 4 82.90% 77.06% 84.03% 79.30% 88.90% 90.20%
Experiment 5 82.30% 82.20% 83.40% 83.50% 88.30% 89.60%
Experiment (mean) 83.96% 82.41% 84.64% 83.48% 87.66% 88.64%
Table 1: GPT-4: Individual & Cross-Validation Results
Gemini Pro: Individual & Cross-Validation Results (Testing)
Precision
Experiment Nr Precision (CV) F0.5 F0.5 (CV) Recall Recall (CV)
Experiment 1 91.71% 80.92% 88.98% 82.48% 79.50% 89.39%
Experiment 2 95.97% 81.82% 91.53% 82.82% 79.65% 87.14%
Experiment 3 84.94% 80.98% 84.02% 81.43% 80.54% 83.30%
Experiment 4 85.94% 83.33% 85.02% 82.63% 81.54% 79.94%
Experiment 5 89.59% 81.50% 87.53% 83.89% 80.15% 95.03%
Experiment (mean) 89.63% 81.71% 87.41% 82.65% 80.27% 86.96%

Table 2: Gemini Pro: Individual & Cross-Validation Results
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Gemini Pro: Individual Results (Development)

Experiment Nr Precision F0.5 Recall
Experiment 1 84.10% 84.25% 84.84%
Experiment 2 83.24% 83.06% 82.35%
Experiment 3 80.28% 80.73% 82.60%
Experiment 4 87.63% 86.52% 82.32%
Experiment 5 71.25% 73.07% 81.42%

Experiment (Mean) 81.30% 81.53% 82.71%

Table 3: Gemini Pro: Individual Results (Development)
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Appendix B: GPT-4: Prompt and Settings

Experiment

Prompt

Temperature

Experiment 1

Classify the sentence and answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following:

Phrasal verbs,

Idioms,

Ambiguity: a sentence that can be understood literally and figuratively,
Metaphors,

Sayings.

Work out your own solution on idiomatic expression first by reading the
sentences. Then reason with your solution.

Response in the following JSON format: {"idiomatic": }.

Do not include

0.1

Experiment 2

| give you sentences, and | would ask you to please classify them. | will give
you instructions on how to do so.

Please classify the sentence and answer with 1 for idiomatic and O for not
idiomatic.

A sentence can be idiomatic if it contains one of the following:

Phrasal verbs,

Idioms,

Ambiguity: a sentence that can be understood literally and figuratively,
Metaphors,

Sayings,

Work out your own solution on idiomatic expression first by reading the
sentence. Then reason with your solution.

Answer in the following JSON format: {"idiomatic": }.

Do not include

0.1

Experiment 3

Please classify the sentence and answer with 1 for idiomatic and O for not
idiomatic.

A sentence can be idiomatic if it contains one of the following:

Phrasal verbs,

Idioms,

Ambiguity: a sentence that can be understood literally and figuratively,
Metaphors,

Sayings,

Work out your own solution on idiomatic expression first by reading the
sentence. Then reason with your solution.

Answer in the following JSON format: {"idiomatic": }.

Do not include ™

0.8

Experiment 4

You are a professional translator from English.

Your job is to classify a sentence as either idiomatic or not.
Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.
Phrasal verbs.

Idioms.
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Ambiguity: a sentence that can be understood literally and figuratively.
Metaphors.

Sayings.

Develop your own solution and reason with it.

Answer only with 1 for idiomatic and 0 for not idiomatic when you see
idiomatic expression.

Answer in the following JSON format: {"idiomatic": }.

Do notinclude ™™

Experiment 5

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.

Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.

Phrasal verbs: example: put down (idiomatic: to kill; literal: to put something
down).

Idioms: example: (A dog's breakfast: something that is disorganized).
Ambiguity: a sentence that can be understood literally and figuratively:
example: (A good life depends on a liver: liver can be considered either to
be an organ or a person).

Metaphors: example: (curtain of the night: metaphor that expresses the way
the night came at that area).

Sayings: example: (Don't count your chickens before they're hatched).
Answer in the following JSON format: {"idiomatic": }.

Don't include the prompt in the answer.

Do notinclude ™
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Appendix C: Gemini Pro: Prompts and Settings

Experiment

Prompt

Temperature

Experiment 1

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.
Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.
Phrasal verbs.

Idioms.

Ambiguity: a sentence that can be understood literally and figuratively.
Metaphors.

Sayings.

Answer in the JSON format that looks like this: {"prediction": }.
Do not include ™

0.5

Experiment 2

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.
Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.
Phrasal verbs.

Idioms.

Ambiguity: a sentence that can be understood literally and figuratively.
Metaphors.

Sayings.

Answer in the JSON format that looks like this: {"prediction": }.
Do not include ™™

0.2

Experiment 3

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.
Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following:

Phrasal verbs (e.g., kick the bucket, spill the beans).

Idioms (e.g., raining cats and dogs, see eye to eye).

Lexical ambiguity with figurative meaning: A sentence with a word that has
multiple meanings, and one of those meanings contributes to a non-literal
interpretation (e.g., "He spilled the beans").

Syntactic or semantic ambiguity with figurative meaning: A sentence with
an ambiguous structure or meaning that leads to a non-literal interpretation
(e.g., "She's seeing someone").

Metaphors (e.g., life is a journey).

Sayings (e.g., a stitch in time saves nine).

Important: Sentences with other types of ambiguity, such as spatial
ambiguity ("The box is on the table, next to the lamp"), are not considered
idiomatic for this task.

Answer in the JSON format for each sentence that looks like this:

0.4
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{"prediction": }.
Do not include ™™
Do not include the prompt in the output.

examples: but disease brought by european settlers took its toll on tradition.
output: {"prediction": 1}

examples: -he didn't give her, her space. -he’s gonna go annoy her.
output: {"prediction": 0}

examples: and i was like, 'is she fucking with us right now?'
output: {"prediction": 1}

examples: 0.01b i'm straight up terrified to see the results right now.
output: {"prediction": 1}

examples: he detects that she's close to estrous and wherever she goes, he
follows.
output: {"prediction": 0}

Experiment 4

You are a lexicographer that works with the English language.

Your task is to classify a sentence whether it contains idiomatic expressions
or not.

A sentence can be considered to contain idiomatic expression if it has one of
the following: phrasal verbs, idioms, ambiguity, metaphors, sayings.

When classifying sentences, answer with 1 for yes and 0 for no.

Work out your own solution and reason with it.

Answer in the JSON format that looks like this: {"prediction": }.

Add nothing else to the response.

Do not include ™™

0.9

Experiment 5

You are an English language and literature specialist.

Your job is to classify a sentence as either idiomatic or not.
Answer with 1 for yes and 0 for no.

A sentence can be idiomatic if it contains one of the following.
Phrasal verbs.

Idioms.

Ambiguity: a sentence that can be understood literally and figuratively.
Metaphors.

Sayings.

Answer in the JSON format that looks like this: {"prediction": }.
Do not include "™

0.3
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Appendix D: LSTM-RNN
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Image 1: LSTM-RNN Training & Validation Results
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Appendix E: BiILSTM-RNN Results
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Image 5: BiLSTM-RNN Training & Validation Results
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