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Abstract

Distributional semantics is fundamental to modern language models and is the basis

for learning linguistic vector representations. This leads to errors when encountering

phenomena that deviate from standard statistical patterns. This thesis examines two

domains presenting semantic outliers: idiomatic expressions and semantic changes in

Alzheimer’s Disease (AD) speech.

The first part of this work tests two hypotheses around idiomatic expressions:

whether high-quality embeddings can be trained using low-resource techniques, and

whether modern LLMs have out-of-the-box representations that allow them to surpass

smaller fine-tuned models. The latter part explores whether semantic content alone

gives sufficient diagnostic signal for AD detection when isolated from surface features.

Idiomatic expressions are non-compositional multiword expressions like ’break a

leg’, where meaning cannot be derived from component words. We apply existing

low resource techniques to idiomaticity tasks. Expression embeddings trained using

1-150 contexts and knowledge injection through Pattern Exploit Training both lead

to improvements in English idiomaticity detection, though show weaker results in

Portuguese and Galician. Multi-billion parameter LLMs are evaluated on multiple

idiomaticity detection datasets, with the best models achieving high F1 scores (> 0.86),

and analyses revealing strong idiomatic understanding.

AD cognitive impairment manifests as semantic deterioration, including compre-

hension deficits, semantic paraphasias, and increased generic term usage. We develop

an LLM-based pipeline that transforms speech across multiple languages by translat-

ing transcripts into English, generating summaries, and creating narrative storyboards.

Validation using BLEU, chrF, and semantic similarity shows low surface-form overlap

but high semantic preservation. Classifiers trained on transformed transcripts show

minimal performance changes (±0.1 macro F1), confirming that semantic changes

alone provide sufficient diagnostic information.

These findings demonstrate that distributional semantic outliers can both challenge

LLMs with idiomaticity, whilst presenting opportunities for AD detection.

ii



Acknowledgments

Firstly, my thanks go out to my supervisors, Maria-Cruz and Aline, for their guidance

and support throughout the last 4 years. Despite a number of challenges and changes

to the scope of my PhD, their wisdom and depth of knowledge have got me back on

track, and created new paths when old ones vanished.

Alongside their support, I have been fortunate enough to work with a number of

other collaborators here at Sheffield and further afield, primarily through Aline’s MWE

research group. Ed, Harish, Tom, Maggie, Emily, Rodrigo, Wei, and Marco have all

provided interesting discussion, collaboration and inspiration for all the works in this

thesis and beyond. Additionally, members of the NLP group have provided numerous

insightful discussions through the reading group.

Outside of academia, I’m so grateful to have had so many friends who have made

the past 4 years so enjoyable. My flatmates at 12C: Harry, George, Will, Alice, Beth,

and Chris, who have brought so much joy to my life, mostly by forcing me to actually

leave my room through board-games, karaoke or just chats in the kitchen. I also need

to thank my ’Cambridge Friends’: Katie, Matt, Henry, Livvy, Claire, Ben, Tom, and

Tom. Despite not seeing them as often as I’d like, I’m always excited to reunite with

them; they all remain some of my best friends.

I think it would be remiss of me to mention the only part of my life that may have

taken up more time than my PhD over the last 4 years: Sheffield University Performing

Arts Society (SUPAS). The skills, experiences, and most importantly friends I have

made through SUPAS will stay with me for life. I struggle to comprehend the sheer

volume of gratitude I have our little group of techies: Sian, Charlie, Maddy, Em,

Bethany and Ollie.

Finally, my Mum and Dad who have unconditionally supported me through ev-

erything I’ve done in my life, nurtured my love of learning, and who get most of the

credit for the person I am today.

This work was supported by the Healthy Lifespan Institute (HELSI) at The Uni-

versity of Sheffield and is funded by the Engineering and Physical Sciences Research

Council [grant number EP/T517835/1]. A particular thank you for the administrative

support provided throughout the process by Gemma at HELSI.

iii



Contents

1 Introduction 1

1.1 Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Research Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Background 9

2.1 Distributional Semantics . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.1 Large Language Models . . . . . . . . . . . . . . . . . . . . . . 12

2.1.2 Encoder Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.3 Generative Models . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2 Idiomaticity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2.1 Idiomaticity Representation . . . . . . . . . . . . . . . . . . . . 17

2.2.2 Idiomaticity Datasets . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Dementia and Language . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.1 Effect of AD on language . . . . . . . . . . . . . . . . . . . . . . 22

2.3.2 Language model-based AD classification . . . . . . . . . . . . . 22

3 Publication I: Learning idiom representations using BERTRAM 25

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.2.1 BERTRAM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3.1 Embedding Creation . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3.2 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.4 Task Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.4.1 Pre-train Setting . . . . . . . . . . . . . . . . . . . . . . . . . . 30

iv



3.4.2 Fine-tune Setting . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.4.3 Number of Examples . . . . . . . . . . . . . . . . . . . . . . . . 31

3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.5.1 Galician Performance . . . . . . . . . . . . . . . . . . . . . . . . 32

3.5.2 Error Analysis and Data Issues . . . . . . . . . . . . . . . . . . 33

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4 Publication II: Sample Efficient Approaches for Idiomaticity Detec-

tion 36

4.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . 37

4.1.1 Research Questions and Contributions . . . . . . . . . . . . . . 37

4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.2.1 PET . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.2.2 BERTRAM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.3 Dataset and Task Description . . . . . . . . . . . . . . . . . . . . . . . 40

4.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4.1 PET and iPET . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4.2 BERTRAM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.5.1 Error Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.6 Conclusions and Future work . . . . . . . . . . . . . . . . . . . . . . . 46

5 Publication III: Sign of the Times: Evaluating the use of Large Lan-

guage Models for Idiomaticity Detection 48

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.2.1 FLUTE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.2.2 SemEval 2022 Task 2a . . . . . . . . . . . . . . . . . . . . . . . 50

5.2.3 MAGPIE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.2.4 Construction Artifacts . . . . . . . . . . . . . . . . . . . . . . . 52

5.3 Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.3.1 Software-as-a-service Models . . . . . . . . . . . . . . . . . . . . 53

5.3.2 Local Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.3.3 Multilingual Models . . . . . . . . . . . . . . . . . . . . . . . . 54

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

v



5.4.1 Model Scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.4.2 Prompts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.4.3 Prompt Engineering . . . . . . . . . . . . . . . . . . . . . . . . 57

5.4.4 Few-shot Prompting . . . . . . . . . . . . . . . . . . . . . . . . 59

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.5.1 Task Labelling . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.5.2 Practicalities . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

6 Publication IV: Stands to Reason: Investigating the Effect of Rea-

soning on Idiomaticity Detection 64

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

6.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

6.2.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

6.2.2 Models and Experiments . . . . . . . . . . . . . . . . . . . . . . 68

6.3 Model Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

6.4 Manual Error Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.4.1 Labelling Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.4.2 Labelling Findings . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.5 Chain-of-Thought Length . . . . . . . . . . . . . . . . . . . . . . . . . 73

6.6 Definition Generation as Distillation . . . . . . . . . . . . . . . . . . . 74

6.6.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

6.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

A Prompts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

B Error Analysis Labelling . . . . . . . . . . . . . . . . . . . . . . . . . . 80

C Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

7 Publication V: Beyond surface form: A pipeline for semantic analysis

in Alzheimer’s Disease detection from spontaneous speech 81

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

7.1.1 Research questions . . . . . . . . . . . . . . . . . . . . . . . . . 84

7.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

7.3 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

7.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

7.3.2 Transformation pipeline . . . . . . . . . . . . . . . . . . . . . . 87

vi



7.4 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

7.4.1 Similarity scoring . . . . . . . . . . . . . . . . . . . . . . . . . . 88

7.4.2 Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

7.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

7.5.1 Similarity results . . . . . . . . . . . . . . . . . . . . . . . . . . 90

7.5.2 Classification results . . . . . . . . . . . . . . . . . . . . . . . . 91

7.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

7.6.1 Further syntactic and lexical measures . . . . . . . . . . . . . . 94

7.6.2 Effect of translation . . . . . . . . . . . . . . . . . . . . . . . . . 96

7.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

A Generation prompts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

B Example pipeline output . . . . . . . . . . . . . . . . . . . . . . . . . . 99

C Full similarity results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

8 Conclusion 102

8.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

8.2 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

8.2.1 Overall Findings . . . . . . . . . . . . . . . . . . . . . . . . . . 105

8.3 Impact of Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

8.4 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . 108

vii



List of Figures

1.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 The encoder and decoder stacks of the transformer . . . . . . . . . . . 13

3.1 Overall Spearman Rank performance at different epochs during training 31

3.2 Overall and Idiom STS Only Spearman Rank on the development set

whilst training on the Idiom STS data . . . . . . . . . . . . . . . . . . 31

3.3 Overall Spearman Rank performance when using different numbers of

examples with BERTRAM . . . . . . . . . . . . . . . . . . . . . . . . . 32

5.1 Performance on the three datasets for different Flan-T5 model sizes. . . 56

6.1 The average manually labelled reasoning and understanding scores . . . 73

6.2 Distribution of reasoning output log lengths for correct and incorrect

predictions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

7.1 Transformation pipeline for semantic isolation . . . . . . . . . . . . . . 87

7.2 Dog Story similarity metrics between all transformations . . . . . . . . 100

7.3 ADReSS similarity metrics between all transformations . . . . . . . . . 100

8.1 Updated version Figure 1.1 giving a summary of the findings for each

research question as well as the overall findings for RQ2 and RQ3 . . . 106

viii



List of Tables

2.1 Examples for each of the idiomaticity detection datasets used in the thesis 19

3.1 Example sentences from the Idiomatic STS data split. . . . . . . . . . . 29

3.2 Spearman Rank scores of the BERTRAM Siamese BERT model on the

test set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3 Examples of out-of-scope expression categories . . . . . . . . . . . . . . 34

3.4 Performance improvement when manually selecting examples . . . . . . 35

4.1 Pattern Verbaliser Pairs used with PET in SemEval-2022 Task 2a . . . 42

4.2 Idiomatic and literal examples of the PVPs . . . . . . . . . . . . . . . . 42

4.3 Results of the PET models on the SemEval-2022 Task 2a eval set . . . 43

4.4 Results of all tested models on the SemEval-2022 Task 2a test set . . . 44

4.5 Translations of PVP into Portuguese and Galician . . . . . . . . . . . . 46

4.6 Results of PET models with translated PVP . . . . . . . . . . . . . . . 46

5.1 Reference scores (macro F1) for SemEval 2022 Task 2a. . . . . . . . . . 51

5.2 Characteristics of the models evaluated. . . . . . . . . . . . . . . . . . . 53

5.3 Results (macro F1) from the LLMs on the three idiomaticity datasets . 55

5.4 Results (macro F1) on the English test set of SemEval with GPT-3.5-

turbo using prompt engineering. . . . . . . . . . . . . . . . . . . . . . . 57

5.5 Multilingual prompting results across LLMs on non-English data . . . . 58

5.6 Results on SemEval using few-shot prompting. . . . . . . . . . . . . . . 59

5.7 Improvements from zero-shot baseline for one-shot and few-shot prompt-

ing for Flan-T5 models . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.1 Results of base and reasoning models on idiomaticty detection datasets 69

6.2 Difference in performance between base and tuned variants on idiomatic-

ity detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

ix



6.3 Proportion of sampled “incorrect” predictions judged to be mislabelled

or ambiguous . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.4 Examples of incorrect and ambiguous labels in MAGPIE . . . . . . . . 72

6.5 Correlation between CoT length and model correctness . . . . . . . . . 74

6.6 Examples of the definitions generated by DeepSeek-R1 32B for given

PIEs from the DICE dataset. . . . . . . . . . . . . . . . . . . . . . . . 76

6.7 Results on idiomaticity detection when generated definition added to

prompt . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

6.8 Labels used for manual labelling of reasoning outputs . . . . . . . . . . 80

7.1 Dataset statistics for ADReSS and Dog Story . . . . . . . . . . . . . . 86

7.2 Similarity scores for transformed data compared to the original . . . . . 90

7.3 Results of classification on Dog Story dataset . . . . . . . . . . . . . . 92

7.4 Results of classification on the ADReSS . . . . . . . . . . . . . . . . . . 93

7.5 Lexical and syntactic measures on the ADReSS dataset . . . . . . . . . 95

7.6 Part-of-speech based measures on the ADReSS dataset . . . . . . . . . 96

7.7 Back translation results on Dog Story dataset . . . . . . . . . . . . . . 96

7.8 Prompts used for generation in our transformation pipeline . . . . . . . 99

7.9 Example outputs from the pipeline . . . . . . . . . . . . . . . . . . . . 101

x



Chapter 1

Introduction

As language models gain widespread adoption beyond academic Natural Language

Processing (NLP) circles, their success stems from remarkable advances in model ca-

pabilities and downstream utility. Yet despite these advances, the models used widely

today remain fundamentally grounded in the distributional semantics hypothesis.

Distributional semantics represents a fundamental approach to computational mod-

els of word meaning, built upon the distributional hypothesis first articulated by Harris,

1954 and later popularised by Firth, 1957’s famous axiom that “you shall know a word

by the company it keeps.” This theoretical framework proposes that the semantic

content of lexical units can be derived from their patterns of co-occurrence with other

units within a large enough corpus, i.e. words that appear in similar contexts tend to

have similar meanings.

This framework has proven highly successful as a theoretical foundation for rep-

resenting meaning within computational models of language. Distributional Semantic

Models (DSMs) which use neural networks to model the statistical distribution and

produce vector representations of word meaning have come to dominate the field of

NLP. Over the last decade, DSMs using progressively more complex architectures

(Mikolov et al., 2013; Devlin et al., 2019; Radford et al., 2019), ultimately produc-

ing Large Language Models (LLMs) that achieve impressive results across numerous

tasks such as translation (Dabre et al., 2020; Zhu et al., 2024), summarisation (Liu

and Lapata, 2019; Zhang et al., 2025), and general language understanding (Wang

et al., 2019; Qiu et al., 2020; Wang et al., 2024). LLMs have also been applied across

domains such as mathematical reasoning (Ahn et al., 2024), law (Lai et al., 2024),

and clinical/biomedical applications (Spasic and Nenadic, 2020; Lee et al., 2020; Nori
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et al., 2023).

However, the distributional hypothesis has important limitations when confronted

with out-of-distribution items (Lenci and Sahlgren, 2023). This could be due to phe-

nomena that are under-represented in the data, such as unseen words and patterns;

or cases where modelling assumptions do not hold. Since distributional models rely

on observing linguistic items across different contexts to infer meaning, they struggle

when certain contexts are absent from training data.

1.1 Research Directions

This thesis examines two of these cases, idiomatic expressions and semantic deterio-

ration in the speech of patients with Alzheimer’s Disease (AD). This thesis proposes

that idiomaticity detection and dementia-related language changes share a fundamen-

tal characteristic: both represent departures from standard distributional semantic

expectations.

Idiomatic expressions are a class of multiword expressions (MWEs) that derive

their meaning not from the composition of their component’s meanings, but from

conventional usage patterns and are instead learnt as distinct lexical units (Nunberg

et al., 1994). For example, idiomatic expressions like ‘kick the bucket’ (meaning ‘to

die’) cannot be understood through their component words, as the literal meanings of

‘kick,’ ‘the,’ and ‘bucket’ provide no indication of the figurative meaning. Idiomatic

expressions are individually rare (Moon, 1998), which means they exert insufficient

influence on their component words’ distributional representations. DSMs therefore

struggle to detect when idiomaticity is being used and as a consequence struggle to

create high quality representations capturing the semantic nuance (Sag et al., 2002;

Shwartz and Dagan, 2019).

Similarly, the speech of individuals with dementia often exhibits semantic disrup-

tions that deviate from typical distributional patterns. These disruptions manifest

as semantic paraphasias (substituting related but incorrect words, such as “fork” for

“spoon”), increased use of generic terms such as substituting nouns for pronouns, and

the use of empty or vague terms that lack specific semantic content. Such deviations

challenge distributional models because the altered word usage patterns no longer re-

flect conventional semantic relationships that these models rely upon to infer meaning.

Departing from the statistical distribution has different implications for the two

2



cases explored in this thesis. For idiomatic expressions, the failure to accurately repre-

sent intended meaning can impair model performance in downstream tasks. Language

models have been repeatedly shown to perform worse in sentiment analysis (Williams

et al., 2015), machine translation (Dankers et al., 2022), and reasoning (Chakrabarty

et al., 2022a) in the presence of idioms. Conversely, for dementia detection, these

distributional outliers present a linguistic marker of cognitive decline (Forbes-McKay

and Venneri, 2005; Petti et al., 2020). Being able to isolate and specifically identify the

semantic changes will improve the ability of language models to serve as automated

tools for assisting in AD detection.

This research exists at the intersection of computational linguistics, cognitive sci-

ence, and clinical applications, and evaluates how large language models represent

semantic outliers, and proposing novel methodologies to improve their detection and

processing. By examining these models’ handling of non-literal language and subtle

cognitive changes, this work delivers both theoretical insights into semantic represen-

tation and practical frameworks for idiom processing and early dementia detection.

Figure 1.1 illustrates how the two seemingly disparate research domains of id-

iomaticity and semantic changes in AD are unified by their shared characteristic as

distributional semantic outliers, and how this thesis addresses each through comple-

mentary research questions.

1.2 Research Aims and Objectives

Figure 1.1: Research Questions

This thesis focusses on two types of distributional outliers: idiomaticity through
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idiomaticity representation and detection tasks, and automatic detection of cognitive

decline from the transcribed speech of AD patients. As such, the research questions

are split between these two types, with research questions 1 and 2 focusing on id-

iomaticity and research question 3 focusing on AD. Over the course of the thesis work,

5 publications were produced to answer the research questions.

RQ1: How can low resource techniques be used to enhance representations

of idiomatic expressions, and can better representations be used to improve

idiomaticity detection? This research question seeks to explore how the perfor-

mance of pre-trained language models on idiomaticity tasks can be improved whilst

only using a small amount of easily accessible (i.e. not manually selected) additional

data. Given that individual idiomatic expressions occur infrequently in corpora it

may not always be possible to assemble large amounts of examples for each expres-

sion, meaning low resource techniques are necessary.

Two promising low-resource approaches for addressing this challenge are single-

token embedding training and pattern-based learning. This thesis hypothesises that

training a single token to represent the entire MWE is a good candidate for low re-

source techniques, as this has been shown to work for rare words (Schick and Schütze,

2020). Additionally, Pattern Exploit Training (PET; Schick and Schütze (2021a)),

which reformulates classification tasks as cloze-style questions, has demonstrated ef-

fectiveness in few-shot settings by leveraging the inherent knowledge of pre-trained

language models. Both techniques can produce high-quality representations which

may enhance performance on idiomaticity detection tasks.

This hypothesis is tested by training and evaluating new single-token embeddings

for each MWE in the SemEval-2022 Task 2 tasks (Tayyar Madabushi et al., 2022)

for idiom representation and detection, alongside evaluating PET’s pattern-based ap-

proach.

Addressing RQ1, Publication I uses BERTRAM to train single-token embeddings

from between 1-150 randomly chosen examples of each MWE. Evaluation on SemEval-

2022 task 2b demonstrates state-of-the-art (SOTA) performance, with our approach

ranking 1st and 2nd place on the task’s shared leaderboard.

Publication II evaluates both techniques on the idiomaticity detection through

SemEval-2022 task 2a. The results show that both single-token embeddings and PET

provide performance improvements on English language data, whilst having little effect
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on Portuguese and Galician.

Overall, the results from both publications confirm the hypothesis that high qual-

ity representations of idiomatic expressions can be trained from small amounts of

data. Further, these low resource techniques can improve downstream tasks such as

idiomaticity detection.

RQ2: Do multi-billion parameter generative models understand idiomatic-

ity out-of-the-box, and do they compare to smaller model fine-tuned models

on idiomaticity detection? This research investigates whether multi-billion pa-

rameter generative models can accurately represent non-compositional language with-

out any specific fine-tuning. The hypothesis is that these massive models, with their

substantial increase in scale and training data can outperform smaller models on es-

tablished benchmarks for understanding idiomatic language.

This hypothesis is examined by evaluating a range of multi-billion parameter mod-

els without task-specific training on established idiomaticity detection datasets, using

both zero-shot and few-shot prompting techniques. Furthermore, by examining the

outputs of modern reasoning models, which produce a ‘chain-of-thought’ (CoT) before

a final response, it is possible to evaluate the additional knowledge which the model

may use.

Addressing RQ2, Publication III demonstrates that large language models achieve

substantial performance on idiomaticity detection tasks without any task-specific fine-

tuning. However, comparison with smaller fine-tuned models reveals that zero-shot

performance, while impressive, does not quite match the peak performance achieved

by specialized fine-tuned approaches.

Publication IV extends this analysis by incorporating models specifically designed

for CoT reasoning. This evaluation examines whether explicit reasoning processes yield

superior performance and provides insights into how these models internally represent

and process idiomatic expressions through analysis of their reasoning outputs. The

results show that on multiple datasets larger models with more than 32B parameters

begin to reach the SOTA results achieved by fine-tuned models, with manual analysis

of the CoT outputs finding a high level of knowledge and reasoning ability

Collectively, the findings suggest that modern LLMs are able to represent idiomatic-

ity well in their internal weights, and thus, achieve strong performance on idiomaticity

detection.
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RQ3: Can language models detect AD from speech when relying solely on

semantic information rather than surface-level linguistic features? The final

research question investigates methods to isolate semantic content from spontaneous

speech transcripts and automatically detect AD using just this information.

This research question addresses a fundamental issue in automatic approaches to

AD detection: whether the diagnostic signal stems from intrinsic semantic degrada-

tion, or from surface-level linguistic changes that may be more easily influenced by

factors such as education, socioeconomic status, or individual speaking styles. Under-

standing this distinction will increase our theoretical understanding of how dementia

affects language processing, and allow for the development of more robust automatic

diagnostic tools.

We hypothesize that semantic content alone contains sufficient information for

AD detection, and that LLMs present a unique opportunity to isolate the semantic

information, whilst neutralising the diagnostic effects of surface forms.

Addressing RQ3, Publication V introduces a novel pipeline that uses LLMs to

transform speech transcripts, altering surface-level features while preserving semantic

content.

The effectiveness of the transformations is validated by using similarity metrics to

show low surface-form overlap, but high semantic preservation. The transformations

are further validated by showing that BERT models trained using the transformed data

perform similarly to those trained on the original. These findings provide evidence

that semantic degradation can be used as a strong diagnostic signal in systems for

automatically detecting AD from spontaneous speech.

The results suggest that fundamental semantic changes can be observed in Alzheimer’s

disease, with important implications for developing more equitable diagnostic tools

that are less dependent on sociolinguistic factors and more focused on the core cogni-

tive changes associated with dementia.

1.3 Thesis Overview

This thesis follows a thesis-by-publication format, with the main body comprised

of published papers and manuscripts submitted for review. The following section

overviews the chapters of the thesis and provides publication details for the content

chapters.
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Chapter 2 provides an overview of the relevant background not included in the

publications themselves. This first includes an overview of distributional semantic

models, before focusing on the limitations and previous work applying those models

to idiomaticity and AD detection from speech.

Chapter 3: Learning idiom representations using BERTRAM (Phelps, 2022)

was a submission to the SemEval-2022 Task 2 shared task, with this work focusing

on subtask b, idiomaticity representation. Evaluated on the final test set this system

placed 1st and 2nd in subtask 2a and 2b respectively. This paper was published in the

Proceedings of the 16th International Workshop on Semantic Evaluation (SemEval-

2022)

I am the sole author of this paper, as such all aspects of the paper were completed

by myself.

Chapter 4: Sample Efficient Approaches for Idiomaticity Detection (Phelps

et al., 2022) was published in the Proceedings of the 18th Workshop on Multiword

Expressions @LREC2022.

As the lead author, I completed the majority of the experiments and analyses

presented, with some additional work on PET being performed by Xuan-Rui Fan. The

paper was conceived by myself and Harish Tayyar-Madabushi, with writing support

from the other authors.

Chapter 5: Sign of the Times: Evaluating the use of Large Language Models

for Idiomaticity Detection (Phelps et al., 2024) was published in the Proceedings

of the Joint Workshop on Multiword Expressions and Universal Dependencies (MWE-

UD) @ LREC-COLING 2024 and was the winner of the workshop’s Best Paper

Award.

This was a collaborative work in which I was the lead author, presenting the initial

idea, and leading on analysis and paper writing with assistance from the other authors.

The working running the experiments was split between myself, Thomas Pickard,

Edward Gow-Smith and Maggie Mi.

Chapter 6: Stands to Reason: Investigating the Effect of Reasoning on

Idiomaticity Detection (Phelps et al., 2025) will be submitted for review between

thesis submission and the viva.
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Again, this was a collaborative work, where I presented the idea, performed the

experiments, organised and took part in the manual labelling, and lead on the analysis

and writing up. Alongside assisting with analysis and writing, Rodrigo Wilkens per-

formed much of the word count analysis, and Edward Gow-Smith and Thomas Pickard

also took part in manual labelling.

The version of the paper presented in the thesis differs significantly from the version

submitted for review. A section using linguistic metrics to analyse reasoning output

was removed, as the work was completed almost entirely by Maggie Mi. A new section

on adding definitions to prompts has been added in its place, of which I am the sole

author.

Chapter 7: Beyond surface form: A pipeline for semantic analysis in

Alzheimer’s Disease detection from spontaneous speech has been submit-

ted for review at the PLoS One Journal.

The idea for this paper was conceived by myself, Rodrigo Wilkens and Aline

Villavicencio, with Rodrigo Wilkens assisting with the initial data preparation and

exploratory experiments. The experiments, results, and analysis presented in the pa-

per were all completed and written up by myself. Lilian Hubner and Barbara Malcorra

provided domain knowledge of AD. All other authors provided feedback throughout

the process and on various drafts of the paper.

Chapter 8 concludes the thesis by detailing how the work presented has addressed

the research questions and giving suggested directions for future work.
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Chapter 2

Background

2.1 Distributional Semantics

Modern language models and much of modern NLP is built upon the distributional

hypothesis, ‘words that appear in the same contexts tend to have similar meanings’

(Harris, 1954). This hypothesis has been operationalised in NLP by representing

words as vectors in a high-dimensional space, with the geometric relationships between

these vectors capturing the semantic relationships between the corresponding words.

Words that frequently appear in similar contexts are positioned closer together in this

semantic space, reflecting their semantic similarity.

Generally, language models built upon the distributional hypothesis, or DSMs,

take a large corpus of text as input and generate a numeric representation for each

word in the input vocabulary using a statistical method (Lenci, 2018). This results

in vectors, or embeddings, for either words or documents, which represent meaning

in a mathematical format. This enables the use of geometric methods to calculate

similarities between words or documents, providing a quantitative measure of how

closely related their meanings are. The most common similarity metric for measuring

the distance between vectors in a semantic vector space is cosine similarity (Bullinaria

and Levy, 2007).

Lenci and Sahlgren (2023) describe 3 generations of DSMs: count DSMs which

create embeddings through counting co-occurrences of words in a corpus, predict DSMs

which use neural networks trained to predict words, and contextual DSMs which use

deeper neural networks to generate different embeddings for each occurrence of a word

changing based on the words in the context, rather than the single embedding for each
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word generated with count and predict DSMs.

Early success with DSMs were primarily count DSMs, which created vector rep-

resentations by performing simple statistical operations over matrix representations

of corpora. Latent semantic analysis (Deerwester et al., 1990; Landauer and Du-

mais, 1997) performs rank-lowering through singular-value decomposition on a term-

document matrix for a corpus to produce vector representations of documents in the

corpus. The rank reduction causes related terms to be mapped together even if they

never co-occurred, revealing latent semantic structure. Another early method, Hyper-

space Analogue for Language (HAL; Lund and Burgess (1996)) produced word vectors

for a corpus by counting co-occurrence of words within a sliding window.

Alongside these statistical methods, predict models using neural networks were

being developed by several researchers. Initial neural network models were trained

to predict the next word in the sequence, and usually contained an embedding layer,

whose weights composed the representations. Early work (Elman, 1990) used recurrent

neural networks, whereas more prominent later work used feed-forward neural networks

(Bengio et al., 2003; Mnih and Hinton, 2008). Alternatively, some work focused on

the use of discriminative networks, where the training task was to assign higher scores

to n-grams occurring in a corpus than randomly generated n-grams (Collobert and

Weston, 2008).

Word2Vec Mikolov et al. (2013) introduced two new neural network DSMs, Skip-

Gram and Continuous Bag-of-Words (CBOW), which became well known and widely

used in both the NLP community and more generally. Both DSMs were similar to

previous feed-forward networks (Bengio et al., 2003), but without a non-linear hidden

layer and with both an input and output embedding layer. Additionally, previous

works were intended to predict next words in a sequence, with representations being

a byproduct of this process, word2vec, instead targeted high quality representations.

The two variants differ in training objective, for CBOW the model predicts a target

word given the surrounding context, whereas Skip-Gram predicts the surrounding

words from a given target.

Word2Vec improved over previous models in various ways: hierarchical softmax,

representing frequent words as shorter binary codes, subsampling frequent words, and

phrase detection, which allowed common n-grams to be represented as single tokens.

Additionally, previous predict (and count) DSMs had been limited on corpus size by the

computation needed to train the model. As well as the above optimisations, word2vec
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introduced negative sampling, which alters the training objective to be discriminative

with only a small number of negative examples. Negative sampling allowed linear scal-

ing with respect to corpus size, as a larger corpus no longer meant a larger vocabulary

to compare each example to.

Further to the efficiency improvements, Mikolov et al. (2013) also showed that the

representations generated by word2vec displayed compositional properties, allowing

geometric operations to be performed on word embeddings. The most famous example

of this is a case of the parallelogram model of analogy (Rumelhart and Abrahamson,

1973; Peterson et al., 2020), ‘king’ - ‘man’ + ‘woman’ = ‘queen’.

Multiple variations on word2vec have been proposed in subsequent years (Melamud

et al., 2016; Li et al., 2017). FastText Bojanowski et al. (2017) uses character n-

grams as the base tokens of the model rather than words in an effort to represent rare

words that are not in the vocabulary of the original corpora. Alternatively, Global

Vectors (GloVe) (Pennington et al., 2014) uses a count based methodology to more

directly capture the semantic relationships, by training the model to produce word

vectors where the dot product of any two word vectors relates to their co-occurrence

probability in a corpus.

A major limitation of all of the above DSMs is that they only produce one embed-

ding per word in the vocabulary. This is suboptimal for polysemous words, as all the

senses of the word must be captured in a single vector representation. This has a par-

ticularly large impact on words with one dominant sense, which is highly represented

in the embedding, whilst other, rarer, senses are dominated.

Therefore, the most recent generation of DSMs, contextual DSMs, instead produce

a new context-specific embedding for each word token in a given sentence. These

models typically use a multilayered neural network with fixed input embeddings that

are contextualised as they pass through the network. Embeddings from Language

Models (ELMo) (Peters et al., 2018) used bidirectional Long Short-Term Memory

(LSTM) layers to generate context-sensitive representations, demonstrating that the

same word could have different embeddings depending on its linguistic environment.

Being bidirectional also means that embeddings produced by ELMo can incorporate

context from both sides of the word. This helped to establish the principle that

meaning is fundamentally contextual rather than static.
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2.1.1 Large Language Models

The Transformer (Vaswani et al., 2017) revolutionised the field by using the atten-

tion mechanism (Bahdanau et al., 2015) as the primary computational component,

moving away from the recurrent and feed-forward networks used to this point. This

architecture enables contextual DSMs to capture long-range dependencies and gen-

erate dynamic word representations that vary based on surrounding context, rather

than the static embeddings produced by earlier predict models. The self-attention

mechanism allows these models to weigh the relevance of different words in a sequence

when computing representations, leading to more nuanced contextualised semantic

representation that helped to address the problems of polysemy.

The transformer architecture (shown in Figure 2.1) is made up of two stacks, each

consisting of n identical layers. The first stack, the encoder, is used to map the

input embeddings to an internal contextualised representation, whilst the second stack,

the decoder, has a separate input embedding layer, but also takes the contextualised

embeddings from the encoder to output a probability distribution over the vocabulary

to predict the next token.

Since its introduction, the transformer has become the de-facto architecture for

SOTA language models, with variants using just the encoder stack to create embed-

dings (Devlin et al., 2019), and either just the decoder stack (Radford et al., 2018;

Touvron et al., 2023) or both stacks (Raffel et al., 2020; Lewis et al., 2020) to create

generative next-word prediction models. The architecture has been shown to scale well

to billions of parameters and trillions of tokens of training data, leading to what are

referred to as Large Language Models (LLMs).

2.1.2 Encoder Models

Bidirectional Encoder Representations from Transformers (BERT, Devlin et al. (2019))

is one popular encoder-only implementation of the transformer architecture, specifi-

cally trained to make high quality contextualised embeddings that can be used down-

stream in a variety of tasks (Rogers et al., 2020). The inputs to the model are sub-

word tokens from a word-piece tokeniser (Wu et al., 2016). Tokenisation breaks text

into processable units, and sub-word tokenization handles out-of-vocabulary words by

decomposing them into known components while maintaining a compact vocabulary

(Sennrich et al., 2016). This allows BERT to tokenize the entire English language with
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Figure 2.1: The encoder and decoder stacks of the transformer, made up from a
number of layers (a single layer shown in the grey box for each stack). Figure taken
from Vaswani et al. (2017).
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a vocabulary size of 30,000, ensuring computational efficiency while avoiding unknown

token issues.

BERT is trained using a self-supervised regime on two tasks. Firstly, masked lan-

guage modelling (MLM), where 15% of the input is replaced with ‘[MASK]’ tokens

which the model attempts to predict. Secondly, next sentence prediction (NSP) where

two sentences are passed to the model which should predict whether the second sen-

tence follows the first sentence or whether it was another randomly chosen sentence.

BERT is then trained on large amounts of unlabelled general text data taken from

the internet (pre-training) and can be further trained on specific tasks or domains to

achieve higher performance on those downstream tasks and domains (fine-tuning).

BERT has been incredibly successful at many NLP tasks, and has become the

de-facto SOTA embedding model, with many works exploring its high performance

(Rogers et al., 2020). Because of this success, many variants of BERT have been

proposed, which reduce the size of the model, tweak the pre-training tasks, or improve

performance on certain subsets of tasks. RoBERTa (Liu et al., 2019) is a variant of

BERT, which retains the architecture and the model size, but is trained on 10x more

data (160GB vs 16GB), and drops the NSP pretraining task. RoBERTa has been

shown to achieve 2-20% more performance than BERT on a variety of downstream

tasks. DistilBERT (Sanh et al., 2020) is a distilled version of BERT, with only half

the number of parameters. This smaller model size means it is easier to fine-tune and

deploy, whilst retaining about 97% of BERT’s performance across a range of tasks.

Another variation with a significantly different training procedure to BERT is

ELECTRA (Clark et al., 2020), which is trained as a discriminator rather than a

generator. A smaller language model performs the MLM task on a sentence, the main

ELECTRA model must then predict which words were originally in the sentence, and

which words were masked and subsequently replaced. This task is show to be more

efficient than MLM, as ELECTRA must discriminate every token in the input, rather

than predicting just 15% of tokens.

2.1.3 Generative Models

Most recently, decoder only generative models have become the most popular form

of DSMs. However, instead of explicitly producing embeddings, these models have

implicit embeddings as internal representations and are instead trained in the task of
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next word prediction, just like some of the earliest DSMs (Elman, 1990; Bengio et al.,

2003).

Generative Pre-trained Transformer (GPT; Radford et al. (2018)), was the first

popular implementation of this generation of generative LLMs. GPT is an autoregres-

sive language model that processes text unidirectionally, using only preceding context

to predict the next token in a sequence. During generation, the model produces one

token at a time, with each newly generated token being appended to the input context

for subsequent predictions, enabling coherent long-form text generation.

GPT-2 (Radford et al., 2019) showed that by scaling the number of parameters,

from 117 million to 1.5 billion, and the amount of the training data used, you can

achieve linear performance improvement. This finding was further substantiated up

to 175 billion parameters by GPT-3 (Brown et al., 2020), which additionally demon-

strated that few-shot learning, wherein a small number of task-specific examples are

provided in context rather than through additional training, can effectively adapt

model behaviour to new domains and tasks. These ‘scaling laws’ (Kaplan et al.,

2020) have become another foundation in modern language modelling, consistently

demonstrating that larger models and datasets yield predictable improvements in per-

formance across diverse tasks. This comes at the cost of increased computational

requirements (Hoffmann et al., 2022), environmental impact (Strubell et al., 2019;

Faiz et al., 2024), and training data demands (Villalobos et al., 2024).

A key feature of these models is their ability to perform in-context learning, where

they can acquire new skills and adapt to novel tasks through prompts and examples

provided at inference time, without requiring parameter updates or architectural mod-

ifications (Liu et al., 2023b; Sahoo et al., 2025). Prompts serve as natural language

instructions that guide the model’s output generation, enabling users to specify tasks,

provide context, set formatting constraints, and even influence the model’s reasoning

approach through strategic prompt design (Vatsal and Dubey, 2024; Chen et al., 2025).

As models scale beyond certain parameter thresholds, it has been argued that they ex-

hibit emergent abilities that are not present in smaller models and have not explicitly

been trained for but spontaneously arise at scale (Wei et al., 2022a). However, other

work has shown that such emergent abilities may just be explained by a combination

of in-context learning and linguistic knowledge (Lu et al., 2024), or a result of metric

choice (Schaeffer et al., 2023).

Another recent innovation in prompting methodology has been the utilisation of
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chain-of-thought (CoT) prompting (Wei et al., 2022b), whereby models are instructed

to output their ’thinking’ before producing an answer. This technique is thought to

work as it allows the model to add information to the context where it can more

efficiently used for prediction. Whilst having been shown to excel in mathematical,

programming, and commonsense reasoning tasks (Lu et al., 2023; Chu et al., 2024; Li

et al., 2025), CoT prompting can also improve performance on more general language

tasks (Wang et al., 2024). Models trained specifically to better utilise CoT prompting

have subsequently become SOTA general LLMs (DeepSeek-AI et al., 2025; OpenAI,

2025b).

2.2 Idiomaticity

Multiword expressions (MWEs) are collocations of multiple words (Sag et al., 2002)

which occur more often than by chance in a given corpus (Carpuat and Diab, 2010).

There are multiple different categories of MWEs (Constant et al., 2017) such as idioms

(e.g. pain in the neck), light verb constructions (e.g. do a dance), verb particle

constructions (e.g. get down), named entities (e.g. Sheffield University), domain

specific terminology (e.g. Alzheimer’s Dementia), amongst others.

A key feature of MWEs is that they exist on a spectrum of non-compositionality, or

idiomaticity (Sag et al., 2002). Semantic transparency refers to what degree the mean-

ing of an MWE can be discerned from the meaning of its components. With expressions

such as olive oil being fully transparent, and others such as red herring being fully

opaque and requiring external knowledge or context to comprehend (Libben, 1998).

Theories suggesting that humans process idioms as either a single lexical unit (the Id-

iom Principle; Sinclair (1991)) or as both component and as a single item concurrently

(Titone and Connine, 1999; Caillies and Butcher, 2007).

DSMs are built on the Principal of Compositionality (Partee, 1984; Mitchell and

Lapata, 2010), making the assumption that through combining individual word or sub-

word representations the meaning of the whole can be understood. MWEs challenge

this assumption, and as such, have been shown to affect the performance of models in

downstream tasks (Sag et al., 2002; Acosta et al., 2011; Dankers et al., 2022).

Another complicating aspect of MWEs, and idiomatic expressions specifically, is

the scope for ambiguity (Cronk et al., 1993). Most idioms have a literal sense, that,

although perhaps uncommon, will inevitably appear within a large enough corpus.

16



‘Breaking the ice’ can be used both to describe overcoming awkwardness in a social

situation or literally smashing frozen water; disambiguation can be done using the con-

text surrounding the expression. Detecting which sense of these ‘potentially idiomatic

expressions (PIEs)’ (Haagsma et al., 2019) has been used is the task of idiomaticity

detection.

This ambiguity and variation in what is defined as an MWE or an idiomatic ex-

pression means that comprehensive resources are difficult to compile. Some online

resources designed for language learners exist1, however, their quality is hard to verify.

This issue is one we explore further in Publication 4.

2.2.1 Idiomaticity Representation

Static embedding models (word2vec, Mikolov et al. (2013); fasttext, Bojanowski et al.

(2017)) are particularly vulnerable to these challenges, as a single embedding for each

word much represent all of its senses. For example, given ‘red herring’ a single vector

must capture the meaning of both a primary coloured fish and a misleading clue.

Contextual models (BERT, Devlin et al. (2019); ELMo, Peters et al. (2018)) have the

ability to instead create different embeddings for each sense depending on the sense.

Effectively evaluating the quality of idiomatic expressions has been found to be

quite difficult. Some work has attempted to explicitly measure this by probing the

representations, often comparing the embeddings to the embeddings of paraphrases

(Garcia et al., 2021b; Klubička et al., 2023). Other work has focused on ‘downstream’

tasks, where it is expected good representations are needed for good performance.

Static embeddings have shown good performance in predicting the level of compo-

sitionality in given expressions (Salehi et al., 2015), often matching the performance

of contextual embeddings (Cordeiro et al., 2019). Idiomaticity detection is another

downstream task which involves distinguishing between idiomatic and literal uses of

expressions, and can be seen as a form of word sense disambiguation (Stevenson and

Wilks, 2005). A number of datasets have been produced for this task (Cook et al.,

2008; Haagsma et al., 2020; Tayyar Madabushi et al., 2022; Mi et al., 2025). Early

contextualised embeddings performed better on these datasets than static embeddings

(Hashempour and Villavicencio, 2020), but still claimed overall weak performance

(Garcia et al., 2021a). Later work has shown a marked improvement when fine-tuning
1www.theidioms.com, for example
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models like BERT for idiomaticity detection, with performance approaching saturation

(Chu et al., 2022; Bigoulaeva et al., 2022; Zeng and Bhat, 2021).

There remains open questions about how to improve the representations of id-

iomatic expressions within transformer language models. Some work has experimented

with creating single token embeddings (Garcia et al., 2021a), but this is limited to use

within compositionality prediction. Other work has looked at other techniques, such as

contrastive learning (He et al., 2024). Ultimately, this remains a gap in the literature,

which we seek to address in Publications 1 and 2.

With the advances in multi-billion parameter generative models and innovations in

prompting techniques, such as chain-of-thought reasoning, it is possible the problems

of detecting and representing idiomaticity may have also been solved. Therefore, we

also seek to determine whether the advancements in language skills from the latest gen-

eration of models also translate to improved idiomatic representations (see Publication

3) and if CoT prompting has any effect (see Publication 4).

2.2.2 Idiomaticity Datasets

Throughout the thesis, we utilise several existing idiomaticity datasets for evaluation

of the proposed methodologies. This section provides an overview of the datasets as

well as the evaluation task and metrics used with them. An example entry from each

dataset is shown in Table 2.1, apart from SemEval-2022 Task 2b, which is shown in

Table 3.1.

SemEval-2022 Tasks

Two of the most relevant datasets for this work are from the SemEval-2022 Task 2

shared task (Tayyar Madabushi et al., 2022). The tasks were designed to address

the lack of high quality datasets to evaluate language models ability to detect when

idiomicity is being used (Task 2a), and the quality of word and phrase representations

when idiomaticity is being used (Task 2b). Both tasks are multi-lingual, with English

and Portuguese data being included in the training set, additionally including Galician

data in the test sets. Our work using the datasets conforms to the evaluation metrics

described in the task.
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Dataset Expression Example Label

Task 2a glass ceiling Vice President Harris, the daughter of immi-
grants from Jamaica and India, shattered that
major glass ceiling and then got right to work
alongside President Biden.

Idiomatic

glass ceiling But Mr Patterson agrees the standout selling
point is undoubtedly the pool and retractable
glass ceiling.

Compositional

Flute old as the hills She had been old as the hills for as long as
I could remember. She had been relatively
young for as long as I could remember.

Contadiction

dead in the water That opportunity may be dead in the water.
That opportunity may be completely over.

Entailment

MAGPIE above board Everything was very legitimate and above
board, but we had very specific requirements

Idiomatic

watering hole There was a fairly decent - sized watering hole
right in the centre of the field.

Compositional

DICE against the grain Out of duty she had caved in, but it still went
against the grain.

Idiomatic

against the grain Carpenters recommend not to sand against the
grain as it can damage the wood.

Compositional

Table 2.1: One example from each class for each idiomaticity detection dataset used
within the thesis. FLUTE shows both the premise and hypothesis sentence for each
example.

19



Task 2a is an idiomaticity detection task involving binary classification, where the

model predicts whether a noun compound in a given sentence is used literally or

idiomatically. Classification quality is evaluated using macro F1 as the primary metric.

The shared task provides two evaluation settings: (1) a ‘zero-shot’ setting where noun

compounds in the training and test sets are disjoint, and (2) a ‘one-shot’ setting where

the training set includes one idiomatic and one literal example for each noun compound

that appears in the test set.

Task 2b is a semantic text similarity (STS) task where the model assigns similarity

scores (0 to 1) to sentence pairs. To evaluate idiomatic representations, the task uses

specially constructed STS data: each sentence containing a noun compound idiom

is transformed into two pairs by replacing the idiom with (1) a literal word-for-word

paraphrase and (2) an idiomatic paraphrase. For example, ‘big picture’ becomes ‘large

image’ (literal) and ‘whole situation’ (idiomatic). The evaluation assumes that the

original sentence should receive a high similarity score (≈ 1) when paired with the

idiomatic paraphrase, while both the original and the idiomatic paraphrase should

receive low scores when compared against the literal paraphrase. Model performance

is measured using Spearman rank correlation between predicted and gold standard

scores.

Figurative Language Understanding through Textual Explanations (FLUTE)

FLUTE (Chakrabarty et al., 2022b) is a dataset that frames figurative language un-

derstanding as a natural language inference (NLI) task, where the model determines

whether a hypothesis follows from a given premise. The dataset covers four types of

figurative language: sarcasm, simile, metaphor, and idioms. In this work, we focus

exclusively on the idiom split. For each example in the idiom set, the hypothesis is a

modified version of the premise in which the idiomatic expression is replaced with a

paraphrase generated using GPT-3 with human-in-the-loop verification. The model is

evaluated using macro F1 over its predictions of ‘entailment’ and ‘contradiction’.

MAGPIE

MAGPIE (Haagsma et al., 2020) is a dataset of 56,622 instances of potentially id-

iomatic expressions, labelled by crowd-sourced workers as either idiomatic (70%), lit-

eral (28%), or other (1%). We use the randomly split test set as a binary classification
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task where the model predicts whether a given instance is literal or idiomatic, similar

to SemEval-2022 Task 2a. The dataset contains only English data, and macro F1 is

used as the primary evaluation metric.

DICE

DICE (Mi et al., 2025) introduces a binary classification dataset for idiomaticity de-

tection that addresses issues in previous datasets highlighted by Boisson et al. (2023).

Specifically, DICE generates challenging literal examples that force models to attend

more closely to context. These examples are generated using GPT-4, with expert an-

notators selecting high-quality instances. The dataset also introduces a new metric,

strict consistency, which defines accuracy at the type level: a model must correctly

classify all instances of a given expression to receive credit. Using this data creation

process and evaluation metric, the authors demonstrate that modern LLMs achieve

substantially lower scores on DICE compared to other idiomaticity detection datasets.

2.3 Dementia and Language

Approximately 982,000 people in the UK have a form of Dementia, of which Alzheimer’s

Disease (AD) is the most common, a number which is projected to rise to 1.4 million

by 2040 (Alzheimer’s Society, 2025). This anticipated increase will strain existing

diagnostic resources and create demand for efficient screening tools.

Current AD diagnosis involves neuropsychological batteries, involving a range of

diagnostic tests, including language-based tasks. One such task is ‘picture description’,

where patients are asked to describe scenes depicted in standardized images (Good-

glass and Kaplan, 1983). Clinicians analyse these responses for linguistic markers of

cognitive decline before proceeding to additional testing.

Previous work has shown that cognitive decline due to AD can manifest as changes

in speech patterns, including reduced semantic fluency, simplified syntax, and altered

discourse coherence (Bayles et al., 1987; Lyons et al., 1994; Tomoeda et al., 1996).

These changes represent a significant deviation from the typical distributions of lan-

guage patterns seen in general corpora. Therefore, language models trained on large

corpora offer a promising approach for automated detection of early cognitive decline

markers (Luz et al., 2020; Balagopalan et al., 2020).
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2.3.1 Effect of AD on language

Dementia affects several types of memory, especially episodic and semantic ones. Lan-

guage can also be affected (Weiner et al., 2008; Ahmed et al., 2013), as besides being

a complex symbolic system, it interacts with other cognitive constructs, like memory

types, executive functions, and attention. For instance, studies on connected speech

have shown that low speech connectedness in AD is associated with poorer seman-

tic memory performance, which, in turn, impacts episodic memory capacity (Malcorra

et al., 2021). Psycholinguistic studies have shown that certain psycholinguistic features

are sensitive to reduced semantic ability in Alzheimer’s, namely word concreteness, age

of acquisition, animacy, and frequency, to name some of these features (Räling et al.,

2017).

Semantic memory loss is a marker of early Alzheimer’s disease-related neurodegen-

eration in older adults (Vonk et al., 2020). Moreover, there is a correlation between

clinical dementia measures such as the Mini-Mental State Exam (MMSE) (Folstein

et al., 1975; Tombaugh and McIntyre, 1992) with various linguistic aspects(Fraser

et al., 2016; Kavé and Dassa, 2018; Malcorra et al., 2024). For instance, the study

developed by Kavé and Dassa (2018) showed a correlation between MMSE scores with

lexical features and information units in a narrative production based on pictures in

their AD group but not in the control group.

In addition, AD might also impact syntax. Some studies (Saffran et al., 1989;

Thompson et al., 1997) have identified patients who produce agrammatic speech,

whilst, conversely, (Kempler et al., 1987) showed that syntactic ability can be pre-

served. It is widely discussed whether the effects on syntax seen in AD patients are

due to memory and semantic impairment (Reilly et al., 2011). It is not an easy task

to try to split apart what relates to syntax versus semantics when it comes to sentence

and discourse processing (Ehrlich et al., 1997; Sajjadi et al., 2012). Furthermore, cog-

nitive deficits, like those in semantic memory, may interfere with both syntactic and

semantic processing at different levels and also depending on the disease stage (Nasiri

et al., 2022).

2.3.2 Language model-based AD classification

Language impairment caused by AD leads to deviations from statistical patterns ob-

served within general corpora. For this reason, language models, which represent the
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distribution of the underlying data they are trained on, can be used to identify these

deviations and be used as a diagnostic tool for AD.

Automatic language assessment methods have been refining their ability to assess

language for AD, and much of this work has focused on extracting linguistic features,

such as lexical frequency and noun-pronoun ratio, and training classifiers based on

these. More recently, however, we have seen the rise of transformer (Vaswani et al.,

2017) language models such as BERT (Devlin et al., 2019) and GPT (Radford et al.,

2019; Brown et al., 2020), in addition to their high level of performance in general

tasks, these models have also demonstrated promising results when applied to tasks

in the medical domain (Lee et al., 2020).

These models have subsequently been applied to automatic AD detection tasks,

with many studies using the Alzheimer’s Dementia Recognition through Spontaneous

Speech Challenge (ADReSS) shared task dataset (Luz et al., 2020). ADReSS presents

a dataset consisting of audio recordings and transcripts of spontaneous speech in re-

sponse to the Cookie Theft picture description task (Goodglass and Kaplan, 1983).

The dataset consists of an equal number of entries from people with AD and people

without AD, and is balanced across gender and age for both cohorts, to avoid bias

and allowing for easy comparison of classification models using accuracy or F1 score

as a metric. Work on this task using fine-tuned language models, specifically BERT,

has been shown to produce good performance (Balagopalan et al., 2020; Agbavor and

Liang, 2022), generally better than classifiers based on using the audio data (Cummins

et al., 2020), and those utilizing linguistic features (Balagopalan et al., 2021).

With the advent of LLMs such as GPT-4 (OpenAI et al., 2024a), some initial work

has applied these models, directly out-of-the-box, to AD detection from spontaneous

speech tasks, with limited success (B T and Chen, 2024; Yang et al., 2023). Further-

more, some research, which is most similar to the work in Chapter 7, has attempted

to extract semantic features from the ADReSS transcripts by prompting GPT-4 to

score each transcript on a number of linguistically relevant metrics, such as discourse

impairment and semantic paraphasias (Heitz et al., 2025). Overall, they find that the

using GPT-4 derived metrics alongside traditional metrics for classification improves

performance.

The majority of the work discussing semantics in dementia uses proxy measures

such as noun-pronoun ratio or lexical frequency to detect semantic changes. Whilst

these measures have been widely and successfully used, they can also be impacted by
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other factors, such as class, education level, and language fluency. Therefore, there

is a disconnect between measuring surface form features and actual comprehension

deficits. The problem of isolating the semantic features from more fragile surface form

features and variations remains unresolved.
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Chapter 3

Publication I: Learning idiom
representations using BERTRAM

Dylan Phelps1,2
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Abstract

This paper describes our system for SemEval-2022 Task 2 Multilingual

Idiomaticity Detection and Sentence Embedding sub-task B. We modify a

standard BERT sentence transformer by adding embeddings for each idiom,

which are created using BERTRAM and a small number of contexts. We

show that this technique increases the quality of idiom representations and

leads to better performance on the task. We also perform analysis on our

final results and show that the quality of the produced idiom embeddings

is highly sensitive to the quality of the input contexts.

3.1 Introduction

Idiomatic expressions present a challenge to Large Language Models (LLMs) as their

meaning cannot necessarily be derived from the composition of their component tokens,

a trait that LLMs often exploit to create representations of multiword expressions. The

lack of compositionality leads to poor representations for idiomatic expressions and in

turn poor performance in downstream tasks whose data includes them.
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SemEval-2022 task 2b (Tayyar Madabushi et al., 2022) encourages the creation of

better representations of idiomatic expressions across multiple languages by presenting

a Semantic Text Similarity (STS) task in which correct STS scores are required

whether or not either sentence contains an idiomatic expression. The sub-task requires

the creation of a self-consistent model in which a sentence including an idiomatic

expression and one containing its literal meaning (’swan song ’ and ’final performance’)

are exactly similar to each other and equally similar to any other sentence.

To achieve this goal, we investigate whether due to the similarity between idioms

and rare-words Schick and Schütze’s BERT for Attentive Mimicking (BERTRAM;

Schick and Schütze (2020)) model, which was designed for use with rare-words, can

be used to explicitly learn high-quality embeddings for idiomatic expressions. We also

investigate how many examples of each idiom are required to create embeddings that

perform well on the task, as well as how the quality of contexts fed to the BERTRAM

model effects the representations and performance on the task.

Evaluating our model on the task shows that externally trained idiom embeddings

significantly increase the performance on STS data containing idioms while maintain-

ing high performance on general STS data. This improved performance gained an

overall spearman rank score of 0.6402 and first place (of six entries) on the pre-train

setting, and an overall spearman rank score of 0.6504 and second place (of five entries)

on the fine-tune setting.1

3.2 Background

Adopting the idiom principle (Sinclair, 1991) to produce a single token representa-

tion for MWEs has been used widely within static embedding distributional semantic

models (Mikolov et al., 2013; Cordeiro et al., 2019). Within contextualised repre-

sentation models, Hashempour and Villavicencio, 2020 show that the contextualised

representations produced by context2vec (Melamud et al., 2016) and BERT (Devlin

et al., 2019) models can be used to differentiate between idiomatic and literal uses of

MWEs. However, the MWEs are only represented by one token in the input, before

being broken into many tokens using BERTs word piece tokenizer. Tayyar Madabushi

et al., 2021 add a token to the BERT embedding matrix and shows that this method
1The code for creating the embeddings and the modified baseline system code can be found on

GitHub: https://github.com/drsphelps/semeval-task-2.
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improves representations through increased performance on their proposed STS task.

The embeddings they add to BERT are randomly initialised, however, and only trained

during the fine-tun step on limited data.

3.2.1 BERTRAM

BERT for Attentive Mimicking (BERTRAM) (Schick and Schütze, 2020), originally

developed to improve representations of rare words, builds upon attentive mimicking

(Schick and Schütze, 2019) to create embeddings, within existing embedding spaces,

for tokens that incorporate both form and context information from a small number of

example contexts. During training the model attempt to recreate embeddings for com-

mon words with the existing embedding in the model treated as the ‘gold embedding’,

a process known as mimicking. Form embeddings are then learnt using trained n-gram

character embeddings, before being passed with a context into a BERT model. The

output of the BERT model forms the embedding for that specific context. To incorpo-

rate knowledge from many contexts an attention layer is applied over the outputs for

each context to get the final embedding. There exist other models to produce effective

embeddings from a small number of contexts (Zhao et al., 2018; Pinter et al., 2017),

however, BERTRAM is the only model that is non-bag-of-words and incorporates both

form and context information when creating the embedding.

Rare words are unsurprisingly defined by how uncommon they are within datasets.

This leads to problems when using LLMs on tasks involving rare words as the word

pieces they are broken down into have not been influenced enough during pre-training

to accurately represent them. Similarly, idiomatic phrases represent a small proportion

of the usage of their constituent words, the idioms in the development set for this

task represent an average of 4.9% of the usage of their constituent words. Therefore,

the embeddings for constituent words are not significantly effected by the usage of

idioms in the training data, leading to the model failing to understand the idiomatic

expressions. Further similarities between idioms and rare-words include the variance

in compositionality, for example, unicycle can be partially understood from its word

pieces, whereas kumquat cannot.

27



3.3 Methodology

3.3.1 Embedding Creation

Due to the similarities between rare words and idioms, we use BERTRAM to create

representations for idiomatic expressions. A separate BERTRAM model is used for

each nof the tasks languages. For English, we use the pre-trained model provided

with the original paper. For Portuguese and Galician we train BERTRAM models

with BERTimbau Base (Souza et al., 2020) and Bertinho-Base (Vilares et al., 2021)

respectively used as the base transformers. The Portuguese and Galician BERTRAM

models that we train are trained using almost the same training regime outlined for

the English model in the original paper, 3 epochs of context only training, 10 epochs

of form only training and 3 epochs of combined training. Due to time and compute

restrictions, we do not use One-Token Approximation to expand the number of gold

standard representations that can be used for attentive mimicking. The Portuguese

and Galician splits of the cc100 dataset (Conneau et al., 2020; Wenzek et al., 2020)

are used to train the models, with the entire split being used for Galician, and a 10GB

subset used for Portuguese.

Contexts for each of the idioms found in the task data can then be created using

these models. Examples are retrieved from the relevant split in the cc100 dataset

using a grep command 2 that retrieves the entire line that the instance of the idiom

is found on. We investigate how changing the number of contexts used to create each

embeddings changes our performance on the task by creating embeddings for each

idiom with between 1-250 examples in intervals.

3.3.2 Model Architecture

For predicting the similarity scores, a separate model is used for each of the lan-

guages BERT-Base (Devlin et al., 2019) for English, BERTimbau for Portuguese, and

Bertinho-Base for Galician. The created BERTRAM embeddings for each of the id-

ioms found within the task are added into the embedding matrix of the relevant model.

These models are used within a Sentence BERT (Reimers and Gurevych, 2019) setup,

implemented using the SentenceTransformers library, which consists of a siamese net-
2grep -i " $val" -m250 en.txt > $val.data, where $val is the idiom of interest
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work structure that uses mean squared error over the cosine similarities of the input

sentences as it’s loss function. This allows us to use the contextualised embedding out-

puts of our BERT networks to find cosine similarity between a given pair of sentences.

3.4 Task Dataset

The sub-task evaluates the quality of idiomatic representation using an STS task,

where idioms are replaced with literal and semantic similar paraphrases. When the

idiom is replaced by a semantically similar phrase, the similarity score should remain

1. When each component word is replaced literally the similarity between the new

sentence and both the idiomatic and semantically similar sentences should be the

same. Examples of the data can be found in Table 3.1. This data composes the ‘idiom

STS’ split.

Usage Example in Sentence
Idiomatic Blockchains, fundamentally, are banking because what they’re

doing is allowing the transaction of value across networks . . .
they’re doing it in an orthogonally different way," he said Wednes-
day in what may be his swan song in public office.

Literal Blockchains, fundamentally, are banking because what they’re
doing is allowing the transaction of value across networks . . .
they’re doing it in an orthogonally different way," he said Wednes-
day in what may be his bird song in public office.

Semantically Sim-
ilar

Blockchains, fundamentally, are banking because what they’re
doing is allowing the transaction of value across networks . . .
they’re doing it in an orthogonally different way," he said Wednes-
day in what may be his final performance in public office.

Table 3.1: Example sentences for the Idiomatic STS data. Idiomatic and Semantically
similar should be given an STS score of 1, and be given the same score when compared
to the literal use.

The data are split into 3 languages: English, Portuguese, and Galician; this allows

an assessment of whether the methods used generalise across languages. The dataset

also includes ‘general STS’ data which is used to evaluate whether the idiom specific

tuning done to improve performance on the idiomatic STS split has an effect on overall

performance.

English and Portuguese are the primary languages and general STS data, from

STSBenchmark (Cer et al., 2017) and ASSIN2 (Real et al., 2020) for English and

Portuguese respectively, and idiom STS data for both languages are included in the
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train, dev, eval and test sets. A very small amount (50 examples) of Galician data,

comprised of idiom STS data, is also included in the test set.

The task is split into two settings, pre-train and fine-tune. The pre-train setting

does not allow for the use of STS score annotated data which includes idioms, whereas

any data can be used in the fine-tune setting.

The evaluation metric used in this task is the correlation between the predicted

similarities and the gold standard ones, calculated using Spearman’s Rank Correlation

Coefficient. The Spearman’s Rank is calculated for the general STS data and the idiom

STS data separately, however, the Spearman’s Rank for the entire dataset is used in

the final evaluation.

3.4.1 Pre-train Setting

For the pre-train setting, we use the general STS data in English and Portuguese to

train the respective models. Due to a lack of available STS data for Galician, it is

trained on the Portuguese data, as there is a high level of similarity between the two

languages.

Evaluating the models on the dev split, we investigate the optimal number of epochs

for the English and Portuguese models. The results (shown in Figure 3.1) show that

45 epochs are optimal for Portuguese and 35 for English. Due to a lack of dev split

data for Galician we use the result from the Portuguese model as they are trained on

the same data.

3.4.2 Fine-tune Setting

For the fine-tune setting we start with the models from the pre-train setting, and

further train them on the Idiom STS data provided as part of the task.

Again we investigate the optimal number of epochs of training on this data (results

shown in Figure 3.2). We find that the overall spearman rank is highest after just a

single epoch of training, with further training considerably reducing the performance

on the general STS data, and thus on the overall STS score. However, further training,

up to 50 epochs, continues to increase the performance of the model on Idiom STS

data. Therefore, depending on the application and required trade-off, the model can

be tuned to either perform better on general STS data or idiom STS data.
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Figure 3.1: Overall Spearman Rank performance on the development set for the En-
glish and Portuguese models at different epochs during training

Figure 3.2: Overall and Idiom STS Only Spearman Rank on the development set
whilst training on the Idiom STS data

3.4.3 Number of Examples

We also tune the number of examples given for each idiom on the development data.

Using BERTRAM we train embeddings for each of the idioms using a range of differ-
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Figure 3.3: Overall Spearman Rank correlation score on the development set with
different numbers of examples used to create the idiom embeddings with BERTRAM.

ent numbers of examples from 1-250. The performance of each set of embeddings is

evaluated by training the whole system for 10 epochs followed by evaluation on the

dev set. Figure 3.3 shows the results of this experiment. The performance increases

quickly from 1-15 examples before flattening out. The absolute highest performance

is achieved at 150 examples, and so this is the value we use going forward.

3.5 Results

The final results for our system on the test data can be seen in Table 3.2. These scores

show significant improvement over the baseline system and led to our system being

placed first for the pre-train setting, and second for the fine-tune setting.

Fine-tuning has a much lower effect on the performance of the system when eval-

uated on the test set than compared with the dev and evaluation sets, with only a

small, but significant, rise in overall correlation. Performance rises by only 0.0198 and

0.022 for English and Portuguese respectively, and unlike on dev data we do not see a

uniform increase on the SR Idiom score.

3.5.1 Galician Performance

The performance we achieve on the Galician idiom data is much lower than what is seen

on the English and Portuguese data. As we didn’t have access to any development

data for Galician further investigation will be needed to identify the causes of this

discrepancy. Due to the smaller amount of Galician data in the cc100 corpus, some

idioms did not have the full 150 examples that were used to create the embeddings for
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Setting Language(s) SR ALL SR Idiom SR STS
Pre-Train EN 0.7445 0.4422 0.8709
Pre-Train PT 0.7087 0.4806 0.8010
Pre-Train GL 0.2924 0.2924 -
Pre-Train All 0.6402 0.4030 0.8641
Pre-Train EN 0.5958 0.2488 0.8300
Pre-Train PT 0.5584 0.2761 0.7745
Pre-Train GL 0.1976 0.1976 -
Pre-Train All 0.4810 0.2263 0.8311
Fine-Tune EN 0.7643 0.4861 0.8344
Fine-Tune PT 0.7307 0.4643 0.7908
Fine-Tune GL 0.2859 0.2859 -
Fine-Tune All 0.6504 0.4124 0.8188
Fine-Tune EN 0.6684 0.4109 0.6210
Fine-Tune PT 0.6026 0.4090 0.5523
Fine-Tune GL 0.3842 0.3842 -
Fine-Tune All 0.5951 0.3990 0.5961

Table 3.2: Final Spearman Rank (SR) scores of the system on the test set, split into
idiom Semantic Text Similarity (STS), general STS, and all datasets. Aggregated
results for all languages in bold. Results for the baseline system, also broken down
into languages, are in italics.

the English and Portuguese idioms. Additionally, there was no Galician STS data to

train the final model on, and even though Portuguese and Galician are very similar,

the small difference may lead to differences in the performance.

3.5.2 Error Analysis and Data Issues

To perform analysis on the quality of the created representations we calculate the

Spearman’s Rank Correlation for each of the idioms in the development set individu-

ally. Any idioms with less than 5 occurrences in the development data are removed,

as significant correlation scores cannot be achieved with such a low sample size.

When evaluating the performance of the idioms individually, we can see that some

of the idiomatic expressions perform much worse than average. For example the spear-

man rank for score for ‘fish story’ is just 0.190 when the embedding is trained on 10

random examples.

Analysis of these errors shows that the lower performance can, at least in part, be

attributed to different phrase senses in the automatically collected examples. Taking

our above example ‘fish story ’, 3 different phrase senses can be observed in the original

randomly selected examples: a tall tale, a literal story about fish, and as a proper noun
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in the title of the film ‘A Fish Story’. This leads to a divergence in the contexts in the

examples, and the contexts for the idiomatic uses, leading to worse embeddings for

the idiomatic phrases. Examples of the out-of-scope uses (i.e. proper nouns, misuses,

spurious co-occurrences) are given in Table 3.3.

Expression Category Example of out-of-scope use
Fish Story Proper noun If you haven’t seen Fish Story yet, you may want

to stop reading this review after this paragraph
Banana Republic Proper noun I stopped by Banana Republic on my lunch break

to pick up a new blazer for work
Panda Car Spurious So if you lost your Punto car key or are just looking

for a replacement Panda car key, give us a call

Table 3.3: Categories of out-of-scope expressions in the randomly sampled CC-100
data tested for filtering in the ablation study.

We can explore this further by producing a manually collected gold standard ex-

ample set, for the English language subset of the MWEs. Taking the original 250

examples for each idiom, we select 10 gold standard examples. To avoid overfitting

our embeddings to this task, we only manually remove examples where the MWE is

being used as a proper noun (e.g. the film ’A Fish Story’), or the idiom is being mis-

used, leaving in correct literal and idiomatic uses of the phrase. After removing the

proper noun and misused cases, 10 random examples are selected to form our ’gold

standard’ example set.

We then compare the spearman scores achieved when the embeddings are trained

with the gold standard examples, to scores when the representations are produced

using 10 random examples when both models are evaluated on the English split of

development set. The results for selected MWEs with the randomly selected (auto)

and manually chosen (manual) contexts can be seen in Table 3.4.

The manually selected examples lead to an increase in performance on the Idiom

STS data split from 0.406 to 0.450. A small increase from 0.841 to 0.848 overall on the

English split can also be observed, however this performance is limited by the general

STS score which is unaffected by our manual selection. Particularly large improve-

ments in spearman rank coefficient can be seen on MWEs with multiple meanings

(panda car, banana republic, fish story, etc.). Surprisingly, we actually see the per-

formance on some MWEs fall, however this can likely be attributed to the random

selection of examples, and variance in the contexts used for each idiom, especially on

the MWEs which did not have many usages removed as they are only used in the
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idiomatic form (eager beaver, chain reaction, etc.).

MWE Auto Manual Change
panda car 0.399 0.851 0.452

banana republic 0.391 0.753 0.362
... ... ... ...

fish story 0.190 0.304 0.114
... ... ... ...

chain reaction 0.356 0.240 -0.116
eager beaver 0.491 0.352 -0.159

Table 3.4: Improvement in correlation, measured using Spearman’s Rank Coefficient,
when trained on manually chosen examples vs. automatically collected ones.

3.6 Conclusion

We build our system by augmenting BERT models for each language with single token

embeddings learnt using BERTRAM. BERTRAM is used due to its high performance

on rare words, which share many properties with idioms such as non-compositionality

and being rare examples of component pieces. Our results, and subsequent ranking at

first place (of six entries) in the pre-train setting and second place (of five entries) in

the fine-tune setting, show that BERTRAM can learn high-quality word embeddings

for idioms and that this leads to better performance on downstream tasks. Our error

analysis shows that BERTRAM is sensitive to the quality of examples it is shown,

and that performance can be improved even further by manually selecting a gold set

of contexts for each idiom. Future work could look at the differences in performance

between the Portuguese and Galician models with the goal of increasing performance

on Galician, and perform more analysis to explore the discrepancy in performance

between individual idioms further.
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Abstract

Deep neural models, in particular Transformer-based pre-trained language

models, require a significant amount of data to train. This need for data

tends to lead to problems when dealing with idiomatic multiword expres-

sions (MWEs), which are inherently less frequent in natural text. As such,

this work explores sample efficient methods of idiomaticity detection. In

particular, we study the impact of Pattern Exploit Training (PET), a few-

shot method of classification, and BERTRAM, an efficient method of cre-

ating contextual embeddings, on the task of idiomaticity detection. In

addition, to further explore generalisability, we focus on the identification

of MWEs not present in the training data. Our experiments show that

while these methods improve performance on English, they are much less

effective on Portuguese and Galician, leading to an overall performance

about on par with vanilla mBERT. Regardless, we believe sample efficient

methods for both identifying and representing potentially idiomatic MWEs
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are very encouraging and hold significant potential for future exploration.

4.1 Introduction and Motivation

The handling of idiomaticity is an important part of natural language processing,

due to the ubiquity of idiomatic multiword expressions (MWEs) in natural language

(Sag et al., 2002). As such, it is an area where the performance of state-of-the-art

Transformer-based models has been investigated (Yu and Ettinger, 2020; Garcia et al.,

2021b; Nandakumar et al., 2019), with the general finding being that, through pre-

training alone, these models have limited abilities at handling idiomaticity. However,

these models are extremely effective at transfer learning through fine-tuning, and thus

are able to perform much better on supervised idiomatic tasks (Fakharian and Cook,

2021; Kurfalı and Östling, 2020), where significant amounts of labelled data is provided.

Unfortunately, individual MWEs tend to occur infrequently in natural text, making

it harder to train models to capture the idiomatic meaning due to the lack of avail-

able training data. As such, it is important to be able to find methods of identifying

potentially idiomatic MWEs using relatively less data. To address this question, we

focus on sample efficient methods for the task, taking two perspectives. The first is

an evaluation of a few-shot method on the task of zero-shot idiomaticity detection. In

particular, we evaluate Pattern Exploit Training (PET) (Schick and Schütze, 2021a),

which has been shown to be an effective few-shot method on other tasks (Schick and

Schütze, 2021b). The second is an evaluation of the effectiveness of better representa-

tions of MWEs, created using a sample efficient strategy, namely BERTRAM (Schick

and Schütze, 2020). Both of these are explored in the zero-shot context, where training

data does not include MWEs present in the test data. So as to ensure reproducibil-

ity and to enable others to build upon this work, we make the programme code and

models publicly available1.

4.1.1 Research Questions and Contributions

Given the need for sample efficient methods when dealing with idiomaticity, this work

is aimed at exploring the following questions:
1https://github.com/drsphelps/idiom-bertram-pet
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• How effective are few-show methods on the task of zero-shot idiomaticity detec-

tion? We evaluate Pattern Exploit Training (PET) (Schick and Schütze, 2021a),

which has been shown to be an effective few-shot method on other tasks (Schick

and Schütze, 2021b).

• Given that prior work has shown pre-trained language models do not adequately

capture multiword expressions, in particular those which are idiomatic, how ef-

fective is improving their representations on the task of detecting idiomaticity?

In particular, we use BERTRAM (Schick and Schütze, 2020) as a sample efficient

strategy for creating representations of MWEs.

From our experiments, we find that both BERTRAM and PET are able to outper-

form mBERT (Devlin et al., 2019) significantly on the English portion of the test data,

which is a promising result. However, both of these models perform worse overall due

to their significantly lower performance on Portuguese. We explore potential reasons

for this poor performance on non-English languages: for PET our patterns are all in

English and a multilingual model is used instead of a language specific one. However,

an error analysis (Section 4.5.1) suggests that these are not the reasons for the lower

performance on non-English languages. In BERTRAM, however, a monolingual model

is used for each language, which might have contributed to the drop in performance.

We believe that these results point to the need for further exploration in languages

other than English.

Additionally, our exploration using BERTRAM is, to the best of our knowledge,

the first work to explore the relation between the representation and detection of

idiomaticity.

The rest of this paper is structured as follows. We begin in Section 4.2 by presenting

a quick overview of work related to MWE identification, before presenting more details

of the methods we make use of in this work. We then provide an overview of the data

and task we use for our evaluation in Section 4.3, before presenting the methods in

Section 4.4. We then present our results and a discussion of what these results imply

in Section 4.5, before concluding in Section 4.6.

38



4.2 Related Work

Despite idiomaticity detection being a problem that has been widely explored (Con-

stant et al., 2017), the impact of better MWE representations, especially within con-

textualised models, has not been well studied. To this end we use BERT for Attentive

Mimicking (BERTRAM) (Schick and Schütze, 2020), which has been shown to perform

well on idiom representation tasks (Phelps, 2022), to evaluate the effect idiom repre-

sentations have on detection. Additionally, we apply a few-shot learning technique

Pattern Exploit Training (PET) (Schick and Schütze, 2021a), to assess whether the

relatively new paradigm of few-shot learning can be applied to this task successfully.

4.2.1 PET

PET (Schick and Schütze, 2021a,b) is a semi-supervised training method that improves

performance in few-shot settings by integrating task descriptions into examples.

A Pattern is used to map each example into a cloze-style question with masked out

tokens, for example ‘X. It was [MASK]’, where X is the input example, could be used

for a sentiment classification task. A Verbaliser maps the task classes into outputs

from the masked language model (MLM), for example positive/negative labels map to

the words ‘good’/‘bad’ in the MLM’s vocabulary (label tokens), and is combined with

the pattern to form a Pattern Verbaliser Pair (PVP). The probability of each class is

then calculated using softmax over the logits for each label token.

For each PVP, an MLM can be fine-tuned on the small amount of labelled data.

Knowledge is distilled from multiple PVPs by combining the predictions on the unla-

belled data and using it as a larger labelled dataset to train another classifier. This

allows for multiple patterns and verbalisers to be used without having to choose the

best performer for each task, which may also change depending on the data split.

iPET

iPET (Schick and Schütze, 2021a) is a variation where each PVP’s model is trained

iteratively using a gradually increasing training set made up of labelled examples from

another model’s predictions in the previous iteration. Despite using the same PVPs

and MLMs, iPET has been shown to improve the performance on a number of tasks

(Schick and Schütze, 2021b).
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4.2.2 BERTRAM

BERTRAM (Schick and Schütze, 2020) is a model for creating embeddings for new

tokens within an existing embedding space, from a small number of contexts. To create

an embedding for a token with a number of contexts, a form embedding is first created

using embeddings trained for each of the n-grams in the token. This form embedding

is then passed as an input, alongside the embeddings for words in the context, into a

BERT model. An attention layer is then applied over the contextualised embedding

output from BERT for each context to create the final embedding for the token.

The model is trained using embeddings for common words as ‘gold standard’ em-

beddings, with the distance from the embedding created by the model and the ‘gold

standard’ embedding being used as the loss function.

4.3 Dataset and Task Description

In evaluating the models presented in this work we use the Task 2 of SemEval 2022:

Multilingual Idiomaticity Detection and Sentence Embedding (Tayyar Madabushi et al.,

2022). This task aims at stimulating the development and evaluation of improved

methods for handling potentially idiomatic MWEs in natural language. While there

exist datasets for evaluating models’ ability to identify idiomaticity (Haagsma et al.,

2020; Korkontzelos et al., 2013; Cordeiro et al., 2019; Garcia et al., 2021b; Shwartz and

Dagan, 2019), these are often not particularly suited to investigating a) the transfer

learning capabilities across different data set-ups b) the performance of pre-trained

contextualised models.

The task consists of two subtasks: Subtask A, which is focused on the detection of

idiomaticity, and Subtask B, which is focused on the representation of idiomaticity. In

this work, we are interested in the task of idiomaticity classification, since we wish to

investigate how our models can identify idiomaticity in text without having to generate

semantic similarity scores. As such, we restrict our attention to Subtask A. We also

want to see how our models perform when MWEs in the test data are disjoint from

those in the training data, as we argue this means the models cannot easily leverage

statistical information garnered from the training data, but must instead have some

‘knowledge’ of idiomaticity in general. As such, we also restrict our attention to the

zero-shot setting of the SemEval task. The dataset consists of three languages: English,
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Portuguese and Galician. In the training data there are 3,327 entries in English, and

1,164 entries in Portuguese. There is no Galician training (or development) data in

the zero-shot setting, to test the ability of models at cross-lingual transfer. In the test

set, there are 916 English, 713 Portuguese, and 713 Galician examples, and macro F1

score is used as an evaluation metric.

It should be noted that the dataset provided by (Tayyar Madabushi et al., 2022)

consists of four data splits: The training set, two development sets and the test set. Of

the two development sets, the first - called the ‘dev’ split - includes gold labels and the

second - called the ‘eval’ split - does not include gold labels but requires submission to

the competition website. We report our results on the ‘eval’ set to maintain consistency

with the SemEval task.

4.4 Methods

In this section we detail our use of PET, iPET and BERTRAM for the task of id-

iomaticity detection.

4.4.1 PET and iPET

During our experiments with PET and its variants, we define and test 5 Pattern

Verbaliser Pairs, shown in Table 4.1, with example application for a given sentence

shown in Table 4.2. P1 and P2 are generic prompts which do not give the model

much more information about the example, whereas P3, P4, and P5 include the whole

idiom within the prompt. We hypothesise that this will allow the model to understand

which part of the example it should be focusing on. Each of the patterns we define is in

English, even when the example sentence and idiom are in Portuguese or Galician — we

will investigate the effect that this has on the final performance across the languages,

as we hypothesise this may not have an impact given our use of a multilingual model.

For each PVP, we train a classification model using mBERT as the MLM. Further-

more, we train a standard PET model using all of the patterns. An iPET model is

also trained, however to evaluate how using only generic prompts affects the results,

we only train our iPET model using PVPs P1 and P2, for 2 iterations. Each of the

model setups is trained 3 times using different random seeds, and the final distilled

model is then used to produce the presented results.
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Pattern Number Pattern Literal Token Idiom Token
P1 X: ____ literal phrase
P2 (____) X literal phrase
P3 X. [IDIOM] is ____ literal. actually not
P4 X. ____, [IDIOM] is literal. yes no
P5 X. [IDIOM] is ____ [IDIOM]2 actually not

Table 4.1: Pattern Verbaliser Pairs used in the task. X represents the example sen-
tence, [IDIOM] is the idiom found in the example, and [IDIOM]2 represents the 2nd

component word of the idiom

Pattern Examples
P1 The museum hung a big picture on the wall: literal

Focus on the big picture of your argument: phrase
P2 (literal) The museum hung a big picture on the wall

(phrase) Focus on the big picture of your argument
P3 The museum hung a big picture on the wall. Big picture is actually literal.

Focus on the big picture of your argument. Big picture is not literal.
P4 The museum hung a big picture on the wall. yes, big picture is literal

Focus on the big picture of your argument. no, big picture is literal
P5 The museum hung a big picture on the wall. Big picture is actually picture.

Focus on the big picture of your argument. Big picture is not picture.

Table 4.2: An idiomatic and literal instance of ‘big picture’ formatted with each pat-
tern, and shown with the expected verbaliser token (in bold) that the model should
give a higher probability.

Additionally, we investigate how the number of labelled examples affects the achieved

performance for each of the model setups discussed. We train the models using 10,

100, and 1000 labelled examples separately, with the examples chosen randomly across

English and Portuguese, but with the split of idiomatic and literal uses being kept at

50/50. The PET and iPET models then have access to 3,000 unlabelled examples to

use within their training tasks.

We evaluate each model setup and labelled example set size combination on the

eval set, before choosing the best-performing combination for each PET variant to

evaluate on the test set. The results from the eval set can be seen in Table 4.3. Here

we see that PET-all trained on 1000 labelled examples performs best overall, beating

the individual pattern models, a result also seen in the original paper (Schick and

Schütze, 2021a). The lack of example specific prompts causes iPET to perform poorly

when compared to the individual task specific patterns, and when compared to the
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best PET-all model.

Model EN PT Overall
mBERT (Tayyar Madabushi et al., 2021) 0.7420 0.5519 0.6871

PET-all (10 labelled) 0.4365 0.2901 0.4267
PET-all (100 labelled) 0.5908 0.5718 0.5888
PET-all (1000 labelled) 0.7820 0.5619 0.7164
PET-P1 (1000 labelled) 0.6386 0.5507 0.6278
PET-P2 (1000 labelled) 0.6905 0.5495 0.6607
PET-P3 (1000 labelled) 0.7493 0.5474 0.6981
PET-P4 (1000 labelled) 0.7441 0.5315 0.6860
PET-P5 (1000 labelled) 0.7551 0.5680 0.7032

iPET (1000 labelled) [P1 & P2] 0.6701 0.5648 0.6522

Table 4.3: Macro F1 on the eval set, broken down into each language, for each of the
models. Highest score for each language (or overall) shown in bold.

The highest scoring PET model (PET-all) and our iPET model are evaluated on

the test dataset in Section 4.5.

4.4.2 BERTRAM

To evaluate the effect that improved idiom representations have on this idiom detec-

tion task, we use the same BERTRAM setup as presented in Phelps (2022), that was

shown to give greatly improved performance over the baseline system for Subtask B,

the task of representing idiomaticity. We use the same BERTRAM models: the En-

glish model presented in the original BERTRAM paper (Schick and Schütze, 2020),

and the Portuguese and Galician models that were trained for Subtask B from data in

the CC100 corpus. Unlike the English BERTRAM model, Phelps (2022) does not use

one token approximation when training the Portuguese and Galician models. Embed-

dings for each of the idioms in the task datasets were generated with the appropriate

BERTRAM model using 150 examples scraped from the CC100 dataset. 150 examples

were chosen as this was shown to have the highest performance on Subtask B. It should

be noted that the BERTRAM models were used to create representations of MWEs

in the test set. While this does not require labelled data associated with MWEs (thus

remaining a zero-shot task), it does require knowledge of which phrases need to have

explicit representations created.

As we have separate BERTRAM models for each language that are trained to

mimic embeddings from single language BERT models, we split the system and data
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into English, Portuguese and Galician. The English model uses BERT base (Devlin

et al., 2019), and is trained on the 3,327 English training examples found in the training

set. The Portuguese model uses BERTimbau (Souza et al., 2020), and Galician uses

BERTinho (Vilares et al., 2021), and as there is no Galician training data available,

both are trained on the 1,164 Portuguese examples. Each model has the MWEs from

the relevant language added to its embedding matrix.

4.5 Results and Discussion

Table 4.4 presents the results of our best PET-based models alongside our BERTRAM-

based model on the test set, as well as the mBERT system presented in (Tayyar Mad-

abushi et al., 2022), for comparison. For each model we present the macro F1 score

on the test set for each language, as well as the overall macro F1 score.

Model EN PT GL Overall
mBERT (Tayyar Madabushi et al., 2022) 0.7070 0.6803 0.5065 0.6540

BERTRAM 0.7769 0.5017 0.4994 0.6455
PET-all (10 labelled) 0.5197 0.2634 0.2090 0.4128
PET-all (100 labelled) 0.6777 0.5014 0.4902 0.5694
PET-all (1000 labelled) 0.7281 0.6253 0.5110 0.6446

iPET (1000 labelled) [P1 & P2] 0.6604 0.5676 0.4735 0.5879

Table 4.4: Macro F1 on the test set, broken down into each language, for each of the
models. Highest score for each language (or overall) shown in bold.

An increase in performance over mBERT by our BERTRAM model is seen for the

English split, with the score on the Galician split not seeing a significant change. The

overall score for BERTRAM is brought down by a much lower score on the Portuguese

data, however, meaning no overall increase in performance is seen. A similar picture is

seen for the PET-all (1000 examples) model, with a higher macro F1 in both English

and Galician, and a lower score in Portuguese, leading to an overall lower macro F1

across the entire test dataset. As found on the example data, the iPET model which

was only trained on the non-example specific prompts (P1 and P2) performs very

poorly.

The significant boost from using BERTRAM on English seems to indicate that

the improved representations also lead to better classification, despite the lacklustre

performance on Galician and Portuguese. We believe that this drop in performance
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is either because one-token approximation was not used in creating the non-English

BERTRAM models, or because mBERT, trained on all three languages simultaneously,

is trained on more data than each of our monolingual models. This lack of training

data does not affect our English model as there is a more training data in English

than in Portuguese and none at all in Galician. We perform a language specific error

analysis to explore the causes of this drop in performance (Section 4.5.1).

It is interesting to note that pre-trained language models can identify idiomaticity

in a zero-shot and sample efficient context even when prior work has shown that they

do not encode idiomaticity very well (Garcia et al., 2021b). We believe that this

implies that, while these models do not encode idiomaticity, they encode enough related

information to be able to infer idiomaticity from relatively little data.

Unsurprisingly, ‘highlighting’ the phrase that is potentially idiomatic by adding

the phrase to the pattern, as in patterns P3, P4 and P5 (see Table 4.1), significantly

improves a model’s ability to identify idiomaticity, which is consistent with results

presented by(Tayyar Madabushi et al., 2021).

Research Questions The results presented herein suggest that few-shot learning

methods are indeed effective on the task of idiomaticity detection despite the lower

accuracy on Portuguese and Galician. Similarly, our results support the conclusion

that improved MWE representations does have an impact on improved detection.

4.5.1 Error Analysis

The effectiveness of PET on the English split of the task suggests that pre-trained

language models can effectively identify idiomatic MWEs in a sample efficient man-

ner. However, the overall drop in performance on the task can be attributed to lower

performance on non-English languages when compared to the results achieved by Tay-

yar Madabushi et al. (2021).

One possibility for the decrease in performance is the use of English prompts across

all the languages. This leads to the inputs for English examples being monolingual and

the inputs for non-English examples to be multilingual, which may cause confusion in

the output logits for the verbalizer tokens from which PET draws it’s predictions.

To investigate this further we translate one of our patterns, P4, into both Por-

tuguese and Galician and evaluate the performance on the entire test split. P4 was
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chosen as it was one of the better performing patterns for English in our initial exper-

iments (Table 4.3), and was easily translated into the two languages. The translations

can be seen in Table 4.5.

Language Pattern Literal Token Idiom Token
EN X. ____, [IDIOM] is literal. yes no
PT X. ____, [IDIOM] é literal. sim não
GL X. ____, [IDIOM] é literal. si non

Table 4.5: The translations of P4 into Portuguese and Galician

As shown in Table 4.6, the use of Portuguese and Galician prompts does not in-

crease the performance in the respective language. For Portuguese the model with

Portuguese prompts achieves 0.6260 macro F1 compared to 0.6373 for that with En-

glish prompts. Galician shows similar results, with 0.5154 macro F1 for the model

with prompts in Galician and 0.5365 for those in English.

Model Prompt Language EN PT GL Overall
mBERT N/A 0.7070 0.6803 0.5065 0.6540

PET-P4 (1000 labelled) EN 0.7161 0.6373 0.5365 0.6581
PET-P4 (1000 labelled) PT 0.6994 0.6260 0.4964 0.6283
PET-P4 (1000 labelled) GL 0.7040 0.5997 0.5154 0.6279

Table 4.6: Macro F1 on the test set, broken down into each language, for PET using
prompts in each of the task languages.

Additionally, we use multilingual BERT which was trained on a lot more English

training data than Portuguese or Galician language. To investigate the impact of this

on our results, we extract only the Portuguese section of the training and test data

and compare the performance of multilingual BERT with Portuguese BERT (Souza

et al., 2020). Surprisingly, we find that the there isn’t a significant difference between

the performance of multilingual BERT and Portuguese BERT, with overall macro F1

of 0.4541 and 0.4621, respectively.

4.6 Conclusions and Future work

This work presented our exploration of sample efficient methods for idiomaticity de-

tection, crucial given the infrequent occurrence of specific MWEs in natural language
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text. Our experiments show that these methods are extremely promising and have

great potential.

In future work, we intend to raucously evaluate and find solutions to the problem

of lower performance on non-English test splits. We also intend to explore other

variations of BERTRAM (e.g. one-token approximation) in bridging the performance

gap between English and the other languages.

As noted earlier, we show that pre-trained language models can identify idiomatic-

ity in a zero-shot and sample efficient context even when prior work has shown that

they do not encode idiomaticity very well. As such, an important avenue of future

exploration is the generalisation of these methods to develop models capable of iden-

tifying the notion of idiomaticity, much like humans are able to grasp that certain

phrases are clearly non-compositional.
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Chapter 5

Publication III: Sign of the Times:
Evaluating the use of Large Language
Models for Idiomaticity Detection

Dylan Phelps1,2, Thomas Pickard2, Maggie Mi2, Edward Gow-Smith2. Aline

Villavicencio2,3

1 Healthy Lifespan Institute, The University of Sheffield

2 School of Computer Science, The University of Sheffield

3 Institute of Data Science and Artificial Intelligence, The University of Exeter

Abstract

Despite the recent ubiquity of large language models and their high zero-

shot prompted performance across a wide range of tasks, it is still not

known how well they perform on tasks which require processing of poten-

tially idiomatic language. In particular, how well do such models perform

in comparison to encoder-only models fine-tuned specifically for idiomatic-

ity tasks? In this work, we attempt to answer this question by looking at

the performance of a range of LLMs (both local and software-as-a-service

models) on three idiomaticity datasets: SemEval 2022 Task 2a, FLUTE,

and MAGPIE. Overall, we find that whilst these models do give competi-

tive performance, they do not match the results of fine-tuned task-specific

models, even at the largest scales (e.g. for GPT-4). Nevertheless, we do

see consistent performance improvements across model scale. Additionally,

we investigate prompting approaches to improve performance, and discuss

the practicalities of using LLMs for these tasks.
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5.1 Introduction

Large, pre-trained language models (LLMs) are becoming increasingly popular in aca-

demic, industrial, and lay spheres due to their ability to perform well across a range

of tasks in a zero-shot or few-shot prompting set-up, including question answering,

common-sense reasoning (Yang et al., 2023; Team et al., 2024), and machine transla-

tion (Xu et al., 2024; Koshkin et al., 2024; Dabre et al., 2023). Despite this, there is

yet to be an analysis of how well such models are able to handle potentially idiomatic

language. Much previous work has shown that smaller, encoder-only transformer mod-

els have poor performance in identifying and representing idiomatic expressions when

pre-trained on a large general dataset (Nandakumar et al., 2019; Garcia et al., 2021b).

However, the performance of such models increase hugely when they are fine-tuned

on a task-specific dataset containing a large number of idiomatic expressions (Tay-

yar Madabushi et al., 2021; Zeng and Bhat, 2021). This fine-tuning procedure, how-

ever, requires dedicated hardware and training, something that isn’t possible with

LLMs on an academic budget.

In this work, we benchmark the performance of several widely-used LLMs (using

both software-as-a-service remote implementations and local instances) on three in-

context idiomaticity detection datasets; the idiom portion of FLUTE (Chakrabarty

et al., 2022b), MAGPIE (Haagsma et al., 2020), and SemEval 2022 Task 2a (Tay-

yar Madabushi et al., 2022). FLUTE and MAGPIE cover English (EN) only, while

the SemEval dataset also includes expressions in Brazilian Portuguese (PT-BR) and

Galician (GL).

Overall, our experiments show that large LLMs give competitive performance on

idiomaticity datasets, which can be generally applied due to the lack of type specific

fine-tuning, but nevertheless lag in general behind much-smaller finetuned encoder-

only models. We also find that idiomaticity detection performance still scales with the

number of parameters in the model. Finally, we discuss a number of considerations

affecting the models’ performance and the practicality of using them for idiomaticity

detection, including the training dataset and the capability of the model to follow

instructions given in the prompt.
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5.2 Datasets

We investigate the performance of LLMs on three datasets consisting of potentially

idiomatic expressions in context. The datasets are chosen to provide a diverse set of

potentially idiomatic expressions which feature a range of morphological forms and

variations across two different tasks: textual entailment and idiomaticity detection.

1,859 different English target expressions are represented across the three datasets. We

focus on English, but the inclusion of Semeval 2022 Task 2a allows us to additionally

explore performance across languages.

5.2.1 FLUTE

FLUTE (Chakrabarty et al., 2022b) frames the understanding of four kinds of fig-

urative language (sarcasm, simile, metaphor and idioms) as a natural language in-

ference (NLI) task, in which pairs of literal and figurative sentences are labelled as

either entailing or contradicting one another. The sentence pairs are generated using a

model-in-the-loop approach, with base text generated by GPT-3 which is then edited

by crowdworkers and reviewed by experts.

For our analysis, we consider only the idiom section of the FLUTE dataset, which

consists of 1,768 training examples across 479 idioms and a further 250 test examples

across 69 idioms. No idiom appears in both the training and test sets.

Chakrabarty et al. (2022b) provide benchmark performance metrics using T5 mod-

els (Raffel et al., 2020) on the FLUTE training data, reporting 79.2% accuracy (0.791

macro F1). A FigLang22 shared task using the FLUTE dataset (Saakyan et al., 2022)

attracted several entries, with the best-performing systems developed by (Gu et al.,

2022) and (Bigoulaeva et al., 2022). The latter adopt a pipeline approach, improving

the T5 baseline by sequentially fine-tuning on e-SNLI dataset (Camburu et al., 2018)

and IMPLI (which incorporates figurative language) (Stowe et al., 2022), followed by

the task dataset. Using the authors’ published outputs, we calculate a macro F1 of

0.952 on the idiom portion of the FLUTE test set.

5.2.2 SemEval 2022 Task 2a

SemEval 2022 Task 2a (Tayyar Madabushi et al., 2022) is a binary classification id-

iomaticity detection task, in which a potentially idiomatic noun compound, as used in
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a given context sentence, must be labelled as either literal or idiomatic. The dataset

includes compounds across a range of idiomaticity, including fully compositional (in-

surance company) as well as partially (eager beaver) and entirely opaque (sugar daddy)

items. The task offers both “one-shot" and “zero-shot" settings; the former is evaluated

with new context instances of previously-seen items, while the latter uses compounds

not present in the training data for evaluation.

The test set for the task contains 50 compounds each in English (with 916 in-

stances), Brazilian Portuguese (713 instances) and Galician (713 instances).

Table 5.1 shows the macro F1 scores in the zero-shot and one-shot settings for the

baseline models (fine-tuned multilingual mBERT, per Tayyar Madabushi et al., 2021)

and the best-performing entries to the shared task1.

Setting Reference
Language

EN PT GL All

Zero-Shot Best 0.902 0.828 0.928 0.890
Baseline 0.707 0.680 0.507 0.654

One-Shot Best 0.964 0.894 0.937 0.939
Baseline 0.886 0.864 0.816 0.865

Table 5.1: Reference scores (macro F1) for SemEval 2022 Task 2a.

5.2.3 MAGPIE

MAGPIE (Haagsma et al., 2020) is a corpus of instances of potentially idiomatic

expressions (PIEs – expressions which have multiple senses, including at least one

with a high level of idiomaticity), in which each instance has been annotated as either

idiomatic, literal, or other (proper noun, etc.) by a group of crowd-sourced workers.

The PIEs in the dataset are chosen from three online dictionaries and so have a wide

range of forms and frequencies.

The final dataset consists of 56,622 annotated instances, of which 70% are id-

iomatic, 28% are literal and 1% are other. In our experiments we use the test split

of the randomly split dataset, which has 4,840 instances across 1,134 PIEs).

Haagsma et al. (2020) do not provide baseline models for the MAGPIE data, but

several benchmarks are provided by Zeng and Bhat (2021).
1For the one-shot setting, the best-performing model is a fine-tuned multilingual XLM-RoBERTa,

as described in Chu et al. (2022).
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5.2.4 Construction Artifacts

Recent work by Boisson et al. (2023) has found that language models tuned for

metaphor identification (in which they include idiomaticity detection) on artificially-

constructed datasets (i.e. those not sampled from ‘naturally-occurring’ text) can per-

form well when the target expression or the surrounding context are hidden from the

model, “in both cases close to the model with complete information".

As our experiments employ pre-trained LLMs without fine-tuning for the idiomatic-

ity detection task, we anticipate that the concerns highlighted by Boisson et al. (2023)

should not affect our findings. While the training regimes for many of the models we

examine are not public, it seems likely that they have consumed large quantities of

training data containing ‘naturally distributed’ idiomatic expressions.

It is also worth noting that we can not rule out the possibility that these LLMs’

training data includes the training or test datasets under evaluation2, and it is likely

(for SemEval and MAGPIE) that the context sentences could have been ‘seen’ by the

models during training (albeit without idiomaticity markers), as they are taken from

online sources.

5.3 Models

To be able to compare results from a range of currently-available LLMs, we evaluate

both software-as-a-service (SaaS) and local instances of open models. To maximise

applicability of our findings to researchers, we focus on local instances that can be

run on consumer-level hardware (targeting a machine with 32GB RAM and 12GB

VRAM).

Table 5.2 summarises the models used in our experiments, including the parameter

count (where available), cost to run for SaaS models, and whether the training dataset

is multilingual.
2The SemEval test set is publicly available only without labels; FLUTE and MAGPIE are public.
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Model Params (billions) Cost ($US per 1000 tokens) Multilingual

GPT-3.5-turbo Unknown 0.0005 Y
GPT-4-turbo Unknown 0.01 Y

GPT-4 Unknown 0.03 Y
Gemini-1.0 Pro Unknown 0.000125 Y
Llama2-7B-chat 7 N/A N

Llama2-13B-chat 13 N/A N
Llama2-70B-chat 70 N/A N

Phi-2 2.5 N/A N
Mistral-7B 7 N/A N

Flan-T5-Small 0.08 N/A Y
Flan-T5-Base 0.25 N/A Y

Flan-T5-Large 0.78 N/A Y
Flan-T5-XL 3 N/A Y

Flan-T5-XXL 11 N/A Y

Table 5.2: Characteristics of the models evaluated.

5.3.1 Software-as-a-service Models

OpenAI

OpenAI models are seen to be the current state of the art in SaaS models. GPT-4

(OpenAI et al., 2024a), their current largest model, has been shown to achieve or

exceed human-level performance in a number of commonly used benchmarks. We

evaluate GPT-3.5-turbo (gpt-3.5-turbo-0613), GPT-4-turbo (gpt-4-0125-preview) and

GPT-4 (gpt-4) in this work. GPT-3.5 is a smaller model created as a test run during

the development of GPT-4, and GPT-4-turbo is an optimised and more recent variant

of GPT-4. The parameter counts for these models are not known, but it is assumed

that GPT-4 is substantially larger than GPT-3.5.

Google

Google provides access to a number of models of varying size and price through its

VertexAI API. In this work we evaluate the performance of the Gemini Pro 1.0 model.

Gemini Pro is trained on a multimodal and multilingual dataset and its performance

exceeds that of GPT-3.5 on a number of benchmarks (Team et al., 2024).
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5.3.2 Local Models

Additionally, we evaluate the performance of popular open models that can be run

locally. The models chosen are the Llama2 models, (Touvron et al., 2023) Llama2-

7B-chat and Llama2-13B-chat, Phi-2 (Li et al., 2023; Abdin et al., 2023), and the

CapybaraHermes3 variant of Mistral-7B (Jiang et al., 2023).

To ensure that the models can be run on consumer-level hardware we use quantized

variants of each model with 7B or more parameters. Quantization (Dettmers et al.,

2022; Frantar et al., 2023) involves converting each parameter from full 16-bit floating

point numbers to a set of 2n discrete values. This massively reduces the size of the

models so they can be run on a wider range of hardware, with a trade-off of lower per-

formance. We use Q5_K_S quantisation variants, which use 5-bit quantization,

provided by TheBloke on Huggingface4. 5 bit quantization has been shown to have

minimal impact on the performance of the model5.

To run the models we use the Huggingface transformers library (Wolf et al., 2020)

for Phi-2 and llama.cpp6 for all the quantized models.

5.3.3 Multilingual Models

We also explore the performance of multilingual models. In particular, we target our

exploration to variants of the Flan-T5 models (Chung et al., 2024): Flan-T5-Small,

Flan-T5-Base, Flan-T5-Large, Flan-T5-XL, and Flan-T5-XXL.

We are interested in how multilingual models’ performance on idiomatic language-

related tasks differs from monolingual ones. Moreover, we want to investigate the

extent to which the performance is impacted by model size.

5.4 Results

Our main results across the three datasets (using our default prompts) are shown in

Table 5.3. To make our results representative and generalisable, we ran the models

multiple times, where not computation or cost prohibitive – all of the Flan models

were run three times, whilst the Gemini Pro and GPT-3.5 models were run twice on
3https://huggingface.co/argilla/CapybaraHermes-2.5-Mistral-7B
4https://huggingface.co/TheBloke
5See https://github.com/ggerganov/llama.cpp/pull/1684.
6https://github.com/ggerganov/llama.cpp
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SemEval FLUTE MAGPIE

GPT-3.5-Turbo 0.645 0.820 0.559
GPT-4-turbo 0.668 0.936 0.860
GPT-4 0.636 0.936 0.896
Gemini 1.0 Pro 0.672 0.924 0.721

Phi-2 0.447 0.458 0.531
Llama2 (7B-chat) 0.479 0.373 0.314
Llama2 (13B-chat) 0.505 0.602 0.483
CapybaraHermes-2.5-Mistral-7B 0.539 0.812 0.587

Flan-T5-Small 0.333 0.333 0.203
Flan-T5-Base 0.390 0.764 0.213
Flan-T5-Large 0.424 0.872 0.290
Flan-T5-XL 0.452 0.956 0.456
Flan-T5-XXL (11.3B) 0.514 0.940 0.753

baseline 0.654 0.791 0.872
best 0.890 0.952 0.955

Table 5.3: Main results of our models across the three idiomaticity datasets. All
results presented are macro F1 over the two classes. Baseline results are taken from
Tayyar Madabushi et al. (2021) (BERT), Chakrabarty et al. (2022b) (T5) and Zeng
and Bhat (2021) (BERT). ‘Best’ results are taken from Chu et al. (2022) (BERT,

RoBERTa), Bigoulaeva et al. (2022) (T5) and Zeng and Bhat (2021) (BERT, RNN ).
Most baseline and best models are fine-tuned variants of pre-trained transformers

models, the model family is given after each citation.

SemEval, which is particularly important for reducing the variance of the results when

testing different prompting methods; all other models were run once only.

Comparing the results with the baseline and best-performing models, we can see

that while the performance of large, contemporary LLMs may be higher than out-

of-the-box encoder-only models, there is still a gap between them and the results

which can achieved by encoders fine-tuned to the particular tasks. However, given the

work of Boisson et al. (2023) on construction artifacts within datasets for idiomaticity

detection, the ability of LLMs to disambiguate a wide-range of PIEs without additional

fine-tuning shows the general ability of these models to detect idiomaticity, which may

not have been achieved by fine-tuned encoders.

5.4.1 Model Scaling

With the exception of the Mistral-7B model, there is a significant gap in performance

between the smaller, locally-run models and the larger SaaS models. We can also see
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the same trend for our Llama2 models, where the larger Llama2-13B model outper-

forms the smaller Llama2-7B one on all datasets and splits. From the results of the

Flan-T5 model variants, as shown in Figure 5.1, there is a clear trend that increasing

model size leads to improved performance. This trend appears to slow down somewhat

after model size reaches around 3B parameters (Flan-T5-XL), though performance on

the MAGPIE dataset continues to grow.

Figure 5.1: Performance on the three datasets for different Flan-T5 model sizes.

5.4.2 Prompts

Prompting has been shown to significantly effect the performance of LLMs (Zhao et al.,

2021), however it is hard to decide before testing which prompts will lead to higher

performance. As the prompt space is so large, with effective infinite word choice and

prompt size, it is not possible at this time to systematically select the best prompt for

a given task. One could theoretically define a limited search space based on varying

a small number of keywords and combinations of techniques, however we leave this as

future work. Instead, in this work we non-systematically test a number of prompts

during our exploration phase, and present a prompt we found to be high quality as
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the ‘default’. We also present exploration of other prompting techniques below.

Due to the differing input formats required by the various models, we use slightly

different prompts. Here, we show our default prompts used for the GPT models. For

SemEval and MAGPIE, we use:

“Disambiguate whether the given expression is used idiomatically or literally in the

given context, returning ’i’ if the expression is being used idiomatically or ’l’ if literally.

Expression: <PIE>. Context: <target sentence>. Only return one letter (i or l).”

For the FLUTE entailment task, we use:

“Disambiguate whether the second sentence follows from the first, returning ’entail-

ment’ if it does, and ’contradiction’ if not. Sentence 1: <premise sentence> Sentence

2: <hypothesis sentence>.”

5.4.3 Prompt Engineering

We investigate the effect of several prompt variations on performance for GPT-3.5-

turbo on the English SemEval test set. As part of the OpenAI API, there are two

prompts: “system” and “user”. We first tried using the system prompt to define the

task for the model, but obtained better performance using only the user prompt – this

aligns with the experiences of others that GPT-3.5 often doesn’t follow the system

prompt well, unlike GPT-47.

We present our results for this in Table 5.4. Note that variation between runs

using the same prompting strategy is high (up to 0.04 F1), which leads to difficulty in

discerning the effect of changing the prompt.

EN

Default 0.739
“Expert in language use” 0.635
“Expert in language use” + Idiomatic vs. Compositional 0.717
“Expert in Idiomatic Language” 0.538
No “Only return one letter (i or l).” 0.633

Table 5.4: Results (macro F1) on the English test set of SemEval with
GPT-3.5-turbo using prompt engineering.

Expert impersonation is motivated by work which has shown that prompting LLMs

to impersonate domain experts can lead to higher performance (Salewski et al., 2023).
7https://community.openai.com/t/what-is-the-difference-between-putting-the-ai-personality-in-system-content-and-in-user-content/

194938
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As such, we tried two approaches; starting the prompt with “You are an expert in

language use.” or “You are an expert in idiomatic language.”. However, we find that

neither of these approaches lead to improved performance. Interestingly, replacing the

word “Literal" with “Compositional" did seem to have a positive effect. We found that

removing the instruction to explicitly return only one letter (‘i’ or ‘l’) led the model

to occasionally return other outputs, which causes a drop in performance (as we treat

such responses as invalid). For the English subset, this is the case for 3% of outputs

(28 out of 916 examples).

Language Prompts

Since SemEval has test data in English, Portuguese, and Galician, we experiment with

a) explicitly stating the language of the sentence in the prompt, and b) translating

the prompt using a commercial machine translation tool. We perform this analysis for

GPT-3.5-turbo, Gemini 1.0 Pro, and Flan-T5-XXL, with results shown in Table 5.5.

GPT-3.5-turbo Gemini 1.0 Flan-T5-XXL
PT GL PT GL PT GL

Default 0.553 0.587 0.582 0.604 0.464 0.411
Language Prompt 0.554 0.604 0.561 0.640 0.479 0.457
Translated 0.541 0.512 0.549 0.665 0.573 0.477

Table 5.5: GPT 3.5-turbo, Gemini 1.0, and Flan-T5-XXL results for Portuguese and
Galician on SemEval using multilingual prompts.

For Gemini 1.0 Pro and Flan-T5-XXL we see performance improvement for Galician

under both of these approaches, with higher performance when translating the prompt.

We hypothesise that both English and Portuguese are likely well-represented in the

model training data, and LLMs in general work well in multilingual settings (Shi

et al., 2022). However, Galician is likely to be both rare and potentially confused

with Portuguese when the language is not specified, or when there is less text in that

language available in the prompt. It would be interesting to experiment further with

similar language pairs.

Not shown here is that we recorded reduced performance for English across all three

models when specifying the language in the prompt (0.739 to 0.674 for GPT-3.5-turbo,

0.771 to 0.732 for Gemini 1.0 Pro, 0.716 to 0.706 for Flan-T5-XXL). It is possible that

additional prompt tokens specifying the language may act as a ‘distractor’ when it
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is the de facto default, and the nature of the generative models means that we can

anticipate variation in responses to identical prompts.

5.4.4 Few-shot Prompting

The “one-shot” setting of SemEval 2022 Task 2a (in which further examples of the tar-

get PIE in context are made available) allows for the investigation of passing examples

to the model through the prompt. We thus experiment with doing so for GPT-3.5-

turbo, Gemini 1.0 and Flan-T5-XXL. We try two configurations: passing one example

per PIE (one-shot), and passing all the examples that are available in the dataset

(few-shot)8. These results are shown in Table 5.6.

Model Setting EN PT GL All

Gemini Pro 1.0
Zero-shot 0.766 0.590 0.600 0.672
One-shot 0.706 0.625 0.711 0.688
Few-shot 0.685 0.642 0.745 0.693

GPT-3.5-turbo
Zero-shot 0.739 0.563 0.579 0.645
One-shot 0.645 0.542 0.553 0.594
Few-shot 0.686 0.545 0.566 0.614

Flan-T5-XXL
Zeroshot 0.629 0.464 0.411 0.514
Oneshot 0.810 0.665 0.732 0.749
Fewshot 0.845 0.713 0.828 0.805

Best One-shot 0.964 0.894 0.937 0.939

Table 5.6: Results on SemEval using few-shot prompting. Best results are taken
from Chu et al. (2022), which uses a fine-tuned XLM-RoBERTa model.

Interestingly, the impact of few-shot prompting varies across the models. Flan-T5-

XXL benefits the most from this, with stark and consistent performance improvements

across the three settings and across all three languages – the overall macro F1 jumps

from 0.580 in the Zero Shot setting to 0.805 in the Few Shot setting.

Further to this we analyse the performance of all size Flan-T5 models, and present

a heatmap illustrating the impacts on performance stemming from zero-shot and few-

shot scenarios in Table 5.7.

The smallest models benefited the most from seeing one or more examples before

inference. In the best cases, performance in English improved by 0.432 in the one-shot

setting and 0.516 in the few-shot setting. Interestingly, few-shot prompting can be seen
8Where available, the one-shot training data has one idiomatic example for each PIE, and one

literal example. However, for some PIEs just one of these is present.
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Small Base Large XL XXL

Oneshot (EN) 0.432 0.079 0.199 0.348 0.182
Oneshot (PT) 0.388 0.011 0.227 0.228 0.202
Oneshot (GL) 0.526 0.049 0.053 0.185 0.321
Oneshot (ALL) 0.443 0.054 0.162 0.264 0.235

Fewshot (EN) 0.516 -0.003 0.332 0.404 0.217
Fewshot (PT) 0.391 0.000 0.093 0.285 0.249
Fewshot (GL) 0.576 0.000 0.137 0.354 0.417
Fewshot (ALL) 0.489 -0.001 0.227 0.352 0.291

Table 5.7: Enhancements in macro F1 scores (positive values) and declines (negative
values) when compared to the performance in zero-shot conditions across all Flan-T5

models.

to improve performance across Portuguese and Galician examples in all model settings,

apart from T5-FLAN-Base and Large where there is little, or no improvement. It

appears that Flan-T5-Base seems to be least improved by prompting with examples,

with a negative effect on performance in few-shot prompting settings. In the one-

shot setting, improvement in model performance is minor. The Large, XL and XXL

models also benefited from one- and few-shot prompting, with Flan-T5-XL seeing

the most performance enhancement. It appears that whilst models follow “bigger is

better" in zero-shot settings, they do not necessarily follow this pattern under one/few-

shot prompting. In fact, the best performance in the few-shot setting is with T5-

Small, which at only 80M parameters achieves an overall macro F1 of 0.821, the best

performance of any of the models we have evaluated in this paper. This is in significant

contrast to performance on MAGPIE and FLUTE, where zero-shot performance is very

low. The model is likely learning some artefacts from the data such as predicting only

one label for a given PIE in the SemEval dataset.

Gemini 1.0 Pro also achieves consistent (though smaller) performance improve-

ments from Zero Shot to One Shot to Few Shot, but the performance for English

reverses this pattern. We also see a big jump in performance between Zero Shot and

One Shot for Galician, which we again attribute to the rarity of this language and its

similarity with Portuguese.

GPT-3.5-turbo is hindered by providing examples. The reasons for this are unclear,

but this may be linked to the inability shown by GPT-3.5 to follow system prompts.

If the model is not successfully following longer prompts then they may effectively

introduce noise and lead to worse performance, as we saw when comparing results
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with and without system prompts.

5.5 Discussion

5.5.1 Task Labelling

The majority of the models we examined achieved high performance on the FLUTE

dataset. We attribute this to the nature of FLUTE’s evaluation being distinct from

MAGPIE and SemEval. For the latter two, the model is asked to label ‘idiomatic’ or

‘literal’ use of a given idiom, whereas, in the FLUTE STS task, the model is required

to pick out the contradiction or entailment relationship between two sentences.

This means that a model might not necessarily require ‘knowledge’ of the target

idiom to succeed, but could determine the relationship between the two sentences from

other information, as facilitated by contextualised embeddings (Boisson et al., 2023).

Moreover, the model is likely to have encountered similar tasks during its pre-training.

Flan-T5 models are instruction-refined versions of T5 (Raffel et al., 2020; Chung et al.,

2024), that have undergone exposure to over 1000 tasks during its fine-tuning process

alone. Among these tasks are evaluations of entailment and contradiction judgments,

akin to FLUTE, such as SNLI (Bowman et al., 2015), MNLI (Williams et al., 2018),

CB (de Marneffe et al., 2019) and numerous other reasoning tasks (for details see Raffel

et al., 2020; Chung et al., 2024).

5.5.2 Practicalities

In contrast with fine-tuned classification models, as prompted models are capable of

open-ended generation, they may not output a response in the format requested. While

the output may be readily interpretable by a human reader, this is not practical when

evaluating large numbers of responses. Prompting for specific formats is easier for

models which have undergone more instruction tuning (Ouyang et al., 2022; Rafailov

et al., 2023), and is a key reason why the Mistral-7B model outperforms the Llama2

7B variant.

Prompted, generative models produce outputs which are subject to variation when

they are repeatedly given the same prompt. While the user may have some control

over this behaviour through ‘temperature’ parameters, this variability is inherent to
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generative models. When converting the outputs of such models to a labelling decision,

this variability will also affect the results.

Despite their generally higher performance than the local models and their advan-

tages when it comes to prototyping, there are a number of considerations specific to

SaaS models which may be significant. These include:

1. Cost – The larger models have a higher per-1000-tokens cost, which may lead

to some evaluations being cost-prohibitive. Evaluating GPT-4 on the (relatively

small) SemEval test set, for example, costs $11. Running evaluation on this

model, especially across multiple runs for prompt tuning, etc. may potentially

price out researchers with lower budgets.

2. Safety Features – Commercial SaaS models frequently include features designed

to limit models and users’ capability to process or generate content which may

cause harm. These features may also impact on researchers’ ability to use the

tools, as they produce what are effectively false positives. For example, when

using the VertexAI API for experiments with Gemini Pro, the API consistently

refused to generate responses for a small number of prompts. These included

certain contexts for the expression street girl which referred to prostitution or

sexualization, but also the FLUTE sentence pair “Your brother is mature and

behaves in an adult manner. Your brother is a big baby." for the expression to

be a big baby9. We treat any such responses as incorrect in our statistics.

3. Service Changes – Changes to the underlying model can be made by the third

party at any time, and can significantly impact the performance of the models

and the consistency of results. Whilst undertaking this work the default gpt-3.5-

turbo model changed from one released in June 2023, to one released in January

2024.

4. Rate limits – For larger datasets, the rate limits of commercial APIs can become

an issue. As it is still not fully released, for a significant amount of time during

the creation of this work, the daily rate limit for GPT-4-turbo was lower than

the number of tokens in MAGPIE, which prevented us from completing any

evaluation runs for this model and dataset combination.
9Replacing the word ‘adult’ with ‘grown-up’ convinced the service to generate a response.
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5.6 Conclusion

In this work we have evaluated the performance of various large language models on

three idiomaticity datasets (SemEval 2022 Task 2a, FLUTE, and MAGPIE). We have

investigated locally-run models up to 13B parameters, as well as significantly larger

models (GPT-3.5, GPT-4, and Gemini 1.0 Pro) accessed through commercial APIs.

We perform an extensive analysis of the impact of several factors on performance;

model size, prompt engineering and few-shot prompting. In addition, we discuss con-

siderations for practitioners wishing to use these models in their own work, with em-

phasis on cost and practicalities such as the variability of outputs and the impacts

of decisions made by the companies operating these services. Our overall findings

are as follows: 1) LLMs at the highest scale are able to achieve competitive results

for idiomaticity detection, and performance on FLUTE in particular seems to have

saturated, but these general models do not match the performance of (much-smaller)

encoder models fine-tuned for the specific idiomaticity detection tasks of SemEval and

MAGPIE. 2) The performance of prompted, generative LLMs seems to scale consis-

tently with parameter count for these datasets, indicating the potential of even bigger

models to achieve further increases in performance. 3) While they are based on a

relatively small set of examples, our experiments with multilingual models suggest

that performance gains can be obtained by specifying the target language, translat-

ing prompts and by providing examples. However, the efficacy of these modifications

depends on the model used and the language in question; they appear to harm perfor-

mance for English (which is, presumably, the most-represented language in the model

training regimens) while producing the largest benefit for the much rarer Galician.
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Chapter 6

Publication IV: Stands to Reason:
Investigating the Effect of Reasoning
on Idiomaticity Detection

Dylan Phelps1,2, Maggie Mi2, Rodrigo Wilkens3, Edward Gow-Smith2, Thomas

Pickard2, Aline Villavicencio2,3

1 Healthy Lifespan Institute, The University of Sheffield

2 School of Computer Science, The University of Sheffield

3 Institute of Data Science and Artificial Intelligence, The University of Exeter

Abstract

The recent trend towards utilisation of reasoning models has improved the

performance of Large Language Models (LLMs) across many tasks which

involve logical steps. One linguistic task that could benefit from this fram-

ing is idiomaticity detection, as a potentially idiomatic expression must

first be understood before it can be disambiguated and serves as a ba-

sis for reasoning. In this paper, we explore how reasoning capabilities in

LLMs affect idiomaticity detection performance and examine the effect of

model size. We evaluate, as open source representative models, the suite

of DeepSeek-R1 distillation models ranging from 1.5B to 70B parameters

across four idiomaticity detection datasets. We find the effect of reason-

ing to be smaller and more varied than expected. For smaller models,

producing chain-of-thought (CoT) reasoning increases performance from

Math-tuned intermediate models, but not to the levels of the base models,
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whereas larger models (14B, 32B, and 70B) show modest improvements.

Our in-depth analyses reveal that larger models demonstrate good under-

standing of idiomaticity, successfully producing accurate definitions of ex-

pressions, while smaller models often fail to output the actual meaning. For

this reason, we also experiment with providing definitions in the prompts

of smaller models, which we show can improve performance in some cases.

6.1 Introduction

Large Language Models (LLMs) have been shown to excel at many tasks across many

disciplines (Ouyang et al., 2022; OpenAI et al., 2024a; Grattafiori et al., 2024), in-

cluding on tasks involving idiomatic expressions, such as idiomaticity detection and

multiword expression identification (Phelps et al., 2024; Smădu et al., 2024). More

recently, reasoning models – LLMs which generate a chain of thought (CoT) ‘reason-

ing’ responses before reaching a final answer (Wei et al., 2022b) – have been shown to

outperform traditional LLMs in a range of tasks (OpenAI, 2025a). Notably, DeepSeek-

R1 and smaller ‘distilled’ models trained on data produced by it (DeepSeek-AI et al.,

2025), have recently matched and exceeded other reasoning models such as OpenAI’s

GPT-o1 whilst being open source and offered at a lower price.

The motivation for such reasoning models is that training them to generate out-

puts in chain-of-thought format allows them “think” step-by-step, working out a final

answer incrementally. This output format also allows for potentially higher explain-

ability, since the CoT becomes part of the context used to make the final classification.

However, some work has shown that CoT explanations can be unfaithful, misrepre-

senting the reason for a model’s prediction (Turpin et al., 2023; Lyu et al., 2023).

In the field of computational idiom processing, reasoning models are of interest as

one could imagine such step-by-step thinking to improve the handling of potentially

idiomatic expressions (PIEs), where the meaning is ambiguous and determined by

context. Using knowledge of a definition as an indicator of a level of understanding,

the CoT also allows analysis of A) how well models can define PIEs in their literal or

idiomatic senses, and B) how well models can use subsequent reasoning to work out

whether a PIE is used idiomatically or literally in a given context.

Therefore, in this paper, we explore how the distilled DeepSeek-R1 models perform

on a range of idiomaticity detection tasks. Additionally, we evaluate the reasoning out-
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puts of each model to further explore how they represent and understand idiomaticity.

Our research questions are:

1. Does the production of reasoning chains improve the ability of models to detect

idiomaticity, and how does this vary across model scale?

2. Do the reasoning outputs (CoT) reflect understanding of the target idiomatic

expressions?

3. Can the definitions produced by the larger models be used as an additional

knowledge source, improving the performance of the smaller models?

To this end, we find that although the performance of the models improves as the

models scale, the effect of adding reasoning generation is smaller and more varied.

Particularly, for the smaller models we find that producing CoTs on average reduces

the performance across our datasets, whereas for the larger models a small increase in

performance can be seen in the reasoning variants. Our manual analysis of the dataset

shows that the larger models also have a good understanding of idiomaticity and can

reliably produce accurate definitions of the given expressions, while the smaller models

often fail to do so. However, even the largest models are hindered by their ability to

use context and reasoning to disambiguate PIEs.

Our experiments using definitions from the larger models as a knowledge source

show that performance of the smallest models improves by an average of 0.069 macro

F1 on FLUTE, but does not affect performance significantly for DICE. These results

suggest that this methodology has potential as a knowledge distillation technique for

certain tasks.

The paper is structured as follows: §6.2 and §6.3 present the methodology, §6.4

and §6.5 the results, and it finishes with conclusions.

6.2 Methodology

In this section, we introduce the datasets, models, and approach that we use in this

work.
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6.2.1 Datasets

To enable us to compare the performance of the newer models to those evaluated in

Phelps et al., 2024 we evaluate on the same datasets. We also include the recently

released DICE dataset (Mi et al., 2025). We provide brief descriptions of each dataset.

SemEval 2022 Task 2a (Tayyar Madabushi et al., 2022) is a binary classifica-

tion task for detecting idiomaticity of noun compounds within context sentences, with

examples in English, Portuguese, and Galician. The test set contains 150 PIEs split

equally across the three languages, with a total of 2342 examples. To maximize the

number of test examples, we follow Phelps et al., 2024 by combining the few-shot and

zero-shot test sets. However, when evaluating we don’t provide few-shot examples for

any of the instances.

Figurative Language Understanding through Textual Explanations (FLUTE;

Chakrabarty et al., 2022b) presents an English-language Natural Language In-

ference (NLI) task in which models should predict whether a premise, containing a

figurative expression, follows from a hypothesis containing a correct or incorrect para-

phrase. We evaluate only the idiom subset of the dataset, which contains a test set of

250 examples with 69 idioms represented.

MAGPIE (Haagsma et al., 2020) is a multi-class idiomaticity detection dataset

where a large number of potentially idiomatic expressions in context must be classified

as idiomatic, literal, or other with a split of 70/29/1. The entire dataset is in English,

with 1134 expressions represented across 4840 examples.

Dataset for Idiomatic Contrastive Evaluation (DICE; Mi et al., 2025) aims

to assess the ability of models to use context in idiomaticity detection. Existing

datasets fail to assess the role of context in idiom interpretation, as literal mean-

ings often stem from grammatical changes to the form of the idiomatic expression,

which allows models to rely on surface cues as a reasoning shortcut instead of true

comprehension. To avoid this, DICE contains 2066 sentences that are balanced for

sense, in which the form of the expression is kept the same across both literal and

figurative uses. Being a newer dataset, the test labels were not publically available

when the DeepSeek models were trained, so there is no chance of contamination.
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6.2.2 Models and Experiments

The models we evaluate are the suite of DeepSeek-R1 distillation (DeepSeek-AI et al.,

2025) models ranging from 1.5-70B parameters, that have been fine-tuned on a rea-

soning dataset collected from the larger DeepSeek-R1 model (the reasoning models).

Whilst processing the input, these models produce chain-of-thought reasoning.

Each of the distilled models is a fine-tuned version of another open source model

(the base models), and so to compare the performance with and without CoT reason-

ing, we also run our evaluations on the base models. Namely, we evaluate the Qwen2.5

suite of models (1.5B, 7B, 14B, and 32B parameters) (Qwen, 2024; Qwen et al., 2025)

and their reasoning-tuned DeepSeek-R1 versions, and Llama3.3-70B (Grattafiori et al.,

2024) alongside its reasoning-tuned variant.

The DeepSeek-R1 1.5B and 7B parameter variants follow a different training pipeline.

Rather than direct reasoning-tuning from base Qwen2.5 models. These variants first

undergo intermediate training on approximately 1 trillion tokens of mathematical data,

with prompting designed to elicit reasoning behaviors . This produces three model

variants for each size: the original base model (Qwen2.5), the math-specialized inter-

mediate model (Qwen2.5-Math), and the final reasoning-tuned model (DeepSeek-R1

Qwen). We evaluate all three variants to understand the training progression’s impact

on capabilities. While we anticipate that math-specialization may compromise gen-

eral domain performance, we include these intermediate models in our evaluation to

examine whether subsequent reasoning-tuning with broader domain data can recover

the lost general capabilities.

All models are run using the vLLM library (Kwon et al., 2023) utilizing Q6_K_M

quantizations of each model (Frantar et al., 2023). This allows all the models to be

run on a single A100 80GB GPU.

For each dataset, we prompt the models with the prompts given in Section A. The

reasoning models generate a CoT before the output, which we split off for analysis.

Where the models do not output the required label in an easily parseable format, we

use GPT-4o (OpenAI, 2024) to extract the returned label (using the prompt also given

in Section A). We evaluate the models using macro F1 for all datasets.
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6.3 Model Performance

We present the results from our experiments in Table 6.1. As expected, we see the

larger models achieving the highest performance on the idiomaticity detection tasks.

The best performing model is DeepSeek-R1 Qwen-32B, which slightly outperforms the

larger DeepSeek-R1 Llama-70B on all of the datasets. The only model that surpasses

comparable larger models is the base version of Qwen2.5-7b, which outperforms the

larger non-reasoning models on FLUTE, and, surprisingly, gets the highest score on

SemEval-2022, being the only model to score over 0.7.

Model Flute SemEval MAGPIE DICE

B
as

e

Qwen2.5-1.5B 0.849 0.458 0.430 0.366
Qwen2.5-7B 0.921 0.737 0.786 0.710
Qwen2.5-14B 0.924 0.586 0.823 0.800
Qwen2.5-32B 0.914 0.612 0.888 0.873
Llama-70B 0.921 0.658 0.778 0.816

M
at

h Qwen2.5-Math-1.5B 0.551 0.484 0.495 0.482
Qwen2.5-Math-7B 0.691 0.404 0.482 0.507

R
ea

so
ni

ng

DeepSeek-R1 Qwen-1.5B 0.577 0.533 0.516 0.499
DeepSeek-R1 Qwen-7B 0.812 0.585 0.626 0.462
DeepSeek-R1 Qwen-14B 0.929 0.573 0.863 0.863
DeepSeek-R1 Qwen-32B 0.948 0.641 0.890 0.866
DeepSeek-R1 Llama-70B 0.947 0.628 0.873 0.857

Table 6.1: Results of both the base and the reasoning models on the four datasets.
Reported is the mean macro F1 averaged across 5 runs, using different random seeds.
The best score(s) per dataset shown in bold.

In relation to the first question, if reasoning improves the ability of models to

detect idiomaticity, the results observed paint a mostly positive picture. In Table 6.2

we show the difference between the base and reasoning variants of each model across

the datasets, as well as the difference between the base and intermediate math models:

Qwen2.5-Math-1b and Qwen2.5-Math-7b.

Math-tuning produces the large drops in performance we expected for both the

Qwen2.5-1b and Qwen2.5-7b models. This is slightly less pronounced on the 1.5b

model, though this primarily reflects floor effects as performance on SemEval, MAG-

PIE, and DICE was already near-random levels, leaving little room for further dete-

rioration. Conversely, the reasoning tuning has a large positive effect when moving

from the Math variants to the DeepSeek variants, with overall positive improvements of
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Model FLUTE SemEval MAGPIE DICE Mean Diff.

ALL EN PT GL

B
as

e

1.5b -0.272 0.075 0.075 0.068 0.082 0.086 0.132 0.006
7b -0.109 -0.153 -0.107 -0.138 -0.077 -0.160 -0.247 -0.167
14b 0.005 -0.014 -0.015 0.051 0.011 0.040 0.064 0.024
32b 0.034 0.039 0.039 0.081 -0.010 0.002 -0.007 0.017
70b 0.026 -0.021 -0.066 -0.085 -0.019 0.095 0.042 0.035

M
at

h 1.5b 0.026 0.049 0.050 0.050 0.057 0.021 0.017 0.028
7b 0.121 0.181 0.212 0.231 0.206 0.115 -0.044 0.093

Table 6.2: Difference in performance of the reasoning models compared to ‘Base’ and
‘Math’ variants, in absolute difference in macro F1. A negative value means reasoning
hurts performance, whilst a positive value means it improves performance. The “Mean
Diff.” column reports the average improvement from using a reasoning model across
the four datasets.

0.028 and 0.093, an effect that can especially be seen through single task improvements

for the 7b parameter model (0.121, 0.181, 0.115).

Larger models (14B, 32B, and 70B) demonstrate consistent benefits from CoT

reasoning integration, with performance improvements reaching 0.095 for Llama-70B

on MAGPIE. However, results vary in magnitude across tasks, and some performance

decreases occur on the SemEval dataset—particularly for Portuguese and Galician

languages, where the effect of reasoning is less clear.

6.4 Manual Error Analysis

As an initial step in exploring the understanding of the models, we manually inspect

samples of the reasoning outputs and evaluate them. We split the evaluation into two

facets: whether the model understands the relevant PIE (whether it generates a valid

idiomatic definition, either wholly or in parts throughout the CoT), and whether the

reasoning is valid (whether the model successfully disambiguates the PIE in context

within its CoT). This categorization allows us to separate the effects of the model’s

understanding of the expression and context and its reasoning ability.

6.4.1 Labelling Setup

Three of the authors, acting as annotators, each annotate the same 30 responses (15

correct and 15 incorrect) for each reasoning model. We initially chose responses to the
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MAGPIE dataset as this is the largest dataset, with the largest variance in expressions

used. However, whilst labelling we found the dataset to be quite noisy (mislabelling,

example sentences which do not actually contain the target expression, etc.) and so we

additionally label examples from DICE. Overall, 300 examples were labelled 3 times

(once by each annotator) for understanding and reasoning ability on a 5-point scale.

Each point on the scale was awarded a score, which is averaged across annotators and

examples, to allow us to get a representative score for the model. The full set of labels

and scores can be seen in Section B.

For understanding, labels range from No definition, Focus on one word, and Inac-

curate definition (all scored 0 for lacking accurate information) to Partial definition

(scored 2) and Accurate definition (scored 3). Reasoning uses a similar scale: Nonsen-

sical reasoning (0), OK reasoning that partially attends to expression and context (2),

and Good reasoning with mostly correct connections (3). We label meta-reasoning,

which occurs (rarely) when the model doesn’t correctly identify the expression in the

context, instead relying on meta-knowledge typical expression usage. We use 0-2-3

scoring instead of 1-5 to emphasize the gap between inaccurate and accurate responses,

with some labels being assigned the same score as they identify different scenarios of

similar quality.

6.4.2 Labelling Findings

Mislabelling in the dataset

The first thing we observe whilst manually labelling is that, of the examples where

the model is judged to be incorrect, there are many labels which are either incorrect

or ambiguous. In Table 6.3, we show the proportion of examples where the gold label

and prediction do not match, for which our annotators agreed that the gold label

was either incorrect or ambiguous, and in Table 6.4 show some selected examples

from MAGPIE. There is some overlap between the examples, as he idiomatic subset

of DICE (which accounts for most of these examples) is taken from MAGPIE. For

the larger models, this effect is particularly pronounced, with a large proportion of

their “incorrect” predictions actually being judged valid by human annotators. This

indicates that accuracy for the larger models may be higher than suggested by the

results in Table 6.1, which further reinforces the high level of understanding shown

by the larger models. We emphasise that this does not imply a large proportion of
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% Judged Valid

DICE MAGPIE

DeepSeek-R1 Qwen-1.5B 0% 0%
DeepSeek-R1 Qwen-7B 0% 6.7%
DeepSeek-R1 Qwen-14B 40% 60%
DeepSeek-R1 Qwen-32B 46.7% 33.3%
DeepSeek-R1 Llama-70B 40% 33.3%

Table 6.3: For each model, for DICE and MAPGIE, the percentage of sampled “incor-
rect” predictions (where the model prediction does not match the gold label), where
the model prediction was judged to be valid by the annotators, due to a mislabelled
or ambiguous example.

these datasets are incorrectly labelled or ambiguous, instead the accuracy of the large

models means that when they are incorrect they have a high chance of picking out the

few examples that are ambiguous.

Gold Label Mislabel Type Example

Idiomatic Incorrect When I turn in the saddle and point it out to him
with vigorous gestures , his curiosity is aroused.

Idiomatic Incorrect Vauxcelles refers to some of the painters of the In-
dépendants of 1910 who were working under the in-
fluence of Cézanne as ‘ ignorant geometricians , who
reduce scenery and the human body to dull cubes’ .

Idiomatic Ambiguous The best way is to calculate the break-even inflation
rate . This is the inflation rate that makes the money
yield on an index - linked gilt equal to the yield to
maturity on a conventional gilt of the same maturity .

Table 6.4: Examples of incorrect and ambiguous labels found during manual analysis
of the MAGPIE datasets. The relevant expression is highlighted in bold for each
example.

Error Patterns by Model Size

Figure 6.1 shows the manual label scores for each model in the case where the model is

correct and incorrect. We observe that mistakes made by different model sizes often fall

into different categories of errors. The larger models appear to have an understanding

of most of the expressions in the data, and therefore as part of their reasoning produce

a definition of the idiom. The smaller models, however, often produce an incorrect
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Figure 6.1: The average manually labelled reasoning and understanding scores (be-
tween 0 and 3) for each model, for 15 correct and 15 incorrect examples, averaged
across DICE and MAGPIE.

definition or struggle to identify or recognize the expression all together. This then

leaves a poor basis for the rest of the reasoning, leaving the label as almost random.

The 1.5B parameter model shows a low level of both understanding and reasoning

ability, with most of its correct outputs being due to chance. The 7B parameter model

has on average higher levels of both reasoning and understanding, which correlates

with the results in Table 6.1. The main factor to whether the model is correct or

incorrect appears to be the reasoning performance, as this varies from close to the

larger models when correct, but closer to the 1.5B model when incorrect. The larger

models understanding of the expressions is generally high when it is both correct and

incorrect, with more variation being identified in the reasoning capabilities. However,

the overall reasoning scores are still relatively high, which may indicate that they are

incorrect on the more nuanced examples, something we noted whilst labelling.

6.5 Chain-of-Thought Length

We investigate the potential relationship between the Chain of Thought (CoT) size and

model accuracy. The DeepSeek paper showed that as model training progressed and

model performance improved, average CoT length went up (DeepSeek-AI et al., 2025).

To explore the correlation between reasoning length and performance in idiomaticity

detection, we split the CoTs into two categories for incorrect and correct predictions,

and then tokenise them (using spaCy + en_core_web_sm) to give lengths. We show
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Model Flute SemEval MAGPIE DICE

EN PT GL

DeepSeek 1.5B -0.038 0.009 -0.037 -0.061 0.000 -0.011

DeepSeek 7B -0.151 -0.075 -0.001 -0.089 -0.057 -0.006

DeepSeek 14B -0.022 0.020 -0.036 0.000 -0.135 -0.177

DeepSeek 32B -0.246 -0.003 -0.064 0.126 -0.119 -0.147

DeepSeek 70B -0.305 -0.036 -0.002 0.028 -0.132 -0.156

Table 6.5: Correlation between CoT length and model correctness. Values in bold
indicate a p-value < 0.05.

two histograms of CoT length for correct and incorrect predictions in Figure 6.2. We

can see that the CoT length distribution appears similar across both cases. Next, we

calculate the point-biserial correlation between CoT size and prediction correctness for

each model size category (1.5B, 7B, 14B, 32B and 70B), which can be seen in Table 6.5.

Additionally, we compute the pseudo-R² for a logistic regression model that predicts

accuracy based on CoT length.

The results reveal that, across various datasets, there is no consistent pattern

suggesting a significant relationship between CoT size and prediction accuracy. For

instance, the most considerable observed correlation (-30.50%) in the EN-FLUTE cor-

pus corresponds to a modest R2 value of 0.11, meaning only 11% of the variance in

prediction outcomes is explained by CoT size. While models of larger sizes (32B and

70B) show slight improvements in R² for certain corpora, such as FLUTE and DICE,

the overall findings suggest no clear trend linking CoT length to predictive success.

6.6 Definition Generation as Distillation

The results from our manual labelling reveal that the 32B and 70B parameter models

can accurately produce definitions of the expressions represented in the dataset. Given

the lack of comprehensive resources for idiomatic expression definitions, this finding

presents an opportunity to use model-generated definitions as a novel distillation tech-

nique.

As an initial exploration, we investigate whether providing the model generated

definitions from the larger models to the smaller reasoning models can improve perfor-

mance. In our manual analysis, we found that the 1.5B and 7B parameter reasoning
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Figure 6.2: The distribution of reasoning output log lengths for correct (blue) vs.
incorrect (orange) model predictions, aggregated across all models and datasets.

models were not able to accurately reproduce definitions, which may suggest that they

do not contain the required knowledge to do so, partly explaining their poor per-

formance on the detection tasks. By providing this information in the prompt, this

knowledge is able to be used by the models whilst making predictions.

For this experiment, we use DeepSeek-R1 32B to generate definitions for all the

expressions in the FLUTE and DICE datasets (examples shown in Table 6.6). We

select DeepSeek-R1 32B as this shows the highest overall ‘understanding’ score in

the manual analysis (see Figure 6.1). We then append the definition to the prompt

used in our main experiments and rerun the evaluation for the 1.5B, 7B, and 14B

parameter reasoning models. These models represent a range of ‘understanding’ scores,

allowing us to analyse the effectiveness of the definitions across different performance

and ‘understanding’ levels. We expect that the models with the lowest performance

on the detection tasks and ‘understanding’, e.g. the 1.5B and 7B parameter models,

will benefit the most from the additional information in the prompt.

6.6.1 Results

The results from the experiment (shown in Table 6.7) show that adding definitions to

the prompt significantly increases performance for the 1.5B and 7B parameter models

on the FLUTE dataset. However, for DICE, and for the 14B parameter model on
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PIE Generated Definition

all hell broke loose “All hell broke loose” means that a situation suddenly be-
came extremely chaotic, noisy, or violent.

off the hook To be off the hook means to be free from a responsibility,
obligation, or troublesome situation, often after being ex-
pected to handle it.

against the grain To go against the grain is to act in a way that is contrary to
the usual approach, often resulting in resistance.

play with fire ‘Play with fire’ means to engage in a risky or dangerous
situation that could lead to negative consequences.

make a killing To make a killing means to achieve great success or earn a
lot of money.

Table 6.6: Examples of the definitions generated by DeepSeek-R1 32B for given PIEs
from the DICE dataset.

Model Original Prompt Definition Prompt

FLUTE DICE FLUTE DICE

DeepSeek-R1 Qwen-1.5B 0.577 0.499 0.663 0.487
DeepSeek-R1 Qwen-7B 0.812 0.462 0.864 0.461
DeepSeek-R1 Qwen-14B 0.929 0.863 0.908 0.842

Table 6.7: The results using both the original and definition appended prompt, when
evaluating the smaller models on FLUTE and DICE. We report the mean macro F1
across 5 runs with different random seeds, and bold any significantly improved results
for each model/dataset pair.

both datasets, no significant difference can be seen between adding the definition to

the prompt or not.

We suggest that the difference in effectiveness on FLUTE and DICE comes from

the fact that, as suggested by Mi et al. (2025), DICE requires models to attend to

the surrounding context to make decisions. Adding the definition will not improve the

models’ ability to do this, and so no increase in performance is seen.

However, the lack of any decrease in performance is promising for the technique

as it means that adding definitions to the prompt can safely be done without risk of

reducing performance. While the 14B parameter model shows slightly larger absolute

decreases on both datasets, these differences are not statistically significant.
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6.7 Conclusion

In this study, we have investigated the effect that reasoning has on the idiomaticity

detection ability of LLMs. On four idiomaticity datasets (Flute, SemEval, MAGPIE,

DICE), we have evaluated the performance of the distilled DeepSeek-R1 models across

a range of sizes, in addition to their corresponding non-reasoning base models, and in-

termediate Math variants for the small parameter count models. To further explore the

results, we have performed both a manual and a quantitative analysis on the reasoning

outputs of the models in order to gain some insight into the models’ understanding

of idiomaticity, as well as their ability to reason with the expression in context. As a

result, we have three main findings:

1. The effect of reasoning on idiomaticity detection is relatively small, although

it varies across model size and per dataset. For the smaller models, training

on math specific reasoning data greatly reduces performance, but subsequent

training on more general domain reasoning data can restore performance. Larger

models show slight increases in performance when trained on general domain

reasoning data.

2. Our manual analysis shows the larger models are consistently able to produce

high quality definitions of the expressions, something which the smaller models

struggle to do. However, for all models the quality of the reasoning is the most

prominent factor which decides whether a model will be correct or not. This

highlights that even the largest models struggle to use the expression and the

context to disambiguate the meaning.

3. Our further experiments utilising the definitions produced by the larger models

as knowledge sources for smaller models show promise as a knowledge distillation

technique. Appending the definitions to the prompt improves the performance in

some cases, whilst having no significant effect in others, implying this technique

can be applied generally without risk of regression.

Our results show that while CoT reasoning offers small benefits for idiomaticity

detection, the modest improvements suggest that current reasoning approaches may

not fully address the underlying contextual disambiguation challenges inherent in id-

iomaticity detection. Even if the reasoning generated appears to indicate idiomatic
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understanding, further examination indicates otherwise. Future work should explore

alternative reasoning frameworks specifically designed for figurative language process-

ing, perhaps incorporating more structured approaches to context interpretation. Ad-

ditionally, it could explore other ways to utilise the high-quality definitions generated

by the models, either through in-context learning or as fine-tuning data.
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A Prompts

For the FLUTE dataset, we use the following prompt:

“You will be given two sentences, a premise and a hypothesis. Respond with

either ‘entailment’ if the hypothesis follows from the premise, or ‘contradiction’

otherwise.”

For the other datasets, we use:

“Predict whether the MWE given in the sentence being used idiomatically or

literally. Respond ‘idiomatic’ or ‘literal’ respectively.”

For using GPT-4o to extract the label, we use:

“Given the following model output, predict what label the model was trying

to assign out of {option_string}. Only output either the word {option_-

string}”

When adding the definition as part of the prompt, we append:

“Definition: {definition}”
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B Error Analysis Labelling

Type Label Score

Understanding No definition 0
Focus on single word 0
Inaccurate definition 0
Partial definition 2
Accurate definition 3

Reasoning Nonsensical reasoning 0
OK reasoning 2
Good reasoning 3
Meta-reasoning (inaccurate) 2
Meta-reasoning (accurate) 3

Table 6.8: The labels used for the manual labelling of the models CoT, with the scores
assigned to each label when calculating averages.

C Limitations

Whilst we do on average see a small improvement in performance for idiomaticity

detection in the larger models, this result isn’t wholly consistent, as the reasoning

variant of Llama-3.3 70B performs worse by 0.037 macro F1 on the English subset of

SemEval compared to the non-reasoning variant. The average performance increasing

from reasoning is also lower for this model than Qwen2.5 14B and Qwen2.5 32B (0.013

compared to 0.039). Further work could investigate a reason for this inconsistency.

On our human analysis of the model CoTs, we break the evaluation into “under-

standing”, which we take as the ability of a model to define the relevant PIE in its

idiomatic sense, and “reasoning”, which we take as the ability of a model to use the

context and the PIE to determine whether it’s literal or idiomatic. This provides a

useful analysis, but a more fine-grained evaluation using other features would perhaps

be more useful, for example looking at whether a model is logically consistent, whether

it’s hallucinating, etc.
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Abstract

Alzheimer’s Disease (AD) is a progressive neurodegenerative condition that

adversely affects cognitive abilities, including language comprehension and

production. These language-related changes can be automatically identified

through the analysis of outputs from linguistic assessment tasks, such as

picture description. Language models show promise as a basis for screening
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tools for AD, but their limited interpretability poses a challenge in distin-

guishing true linguistic markers of cognitive decline from surface-level tex-

tual patterns. To address this issue, we examine how surface form variation

affects classification performance, with the goal of assessing the ability of

language models to represent underlying semantic indicators. We introduce

a novel approach where texts surface forms are transformed by altering syn-

tax and vocabulary while preserving semantic content. The transformations

significantly modify the structure and lexical content, as indicated by low

BLEU and chrF scores, yet retain the underlying semantics, as reflected in

high semantic similarity scores. This allows us to isolate the effect of seman-

tic information on AD detection, finding models perform similarly to if they

were using the original text, with small ±0.1 deviations in macro F1. We

also investigate whether language from picture descriptions retains enough

detail to reconstruct the original image using generative models. We found

that visual elements are poorly preserved, and image-based transformations

add substantial noise, reducing text alignment and classification accuracy.

Our methodology provides a novel way of looking at what features influence

model predictions, and allows the removal of possible spurious correlations.

We find that just using semantic information, language model based classi-

fiers can still detect AD. This work shows that difficult to detect semantic

impairment can be identified, addressing an overlooked feature of linguistic

deterioration, and opening pathways for better early detection systems.

7.1 Introduction

Globally, both the proportion and the number of people 65 years or older are grow-

ing rapidly, with 16% of the population, or 1.6 billion people, expected to be over

65 by 2050 (of Economic and Social Affairs, 2022). Age is the highest risk factor for

Alzheimer’s Disease (AD), with 1 in 14 over 65 being affected by the condition (Wit-

tenberg et al., 2020). With this aging population and the increasing number of people

living with AD, there is a need for methods of diagnosis that are more efficient and

that capture the changes early.

AD is a clinical condition characterized by progressive cognitive decline. Subtle

changes in speech and language often provide early indicators of impairment (Forbes-

McKay and Venneri, 2005) and can provide information on the nature of deterioration
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(Ahmed et al., 2013). The effects of AD on memory interact with language abilities,

with both the access to words (the lexicon) and their meaning (semantics) being af-

fected by the disease (Rodrigues et al., 2024; Coffey et al., 2024). Additionally, some

effect on syntax has been observed (Saffran et al., 1989; Thompson et al., 1997), how-

ever, it has been argued that this effect is due to underlying semantic impairment

(Reilly et al., 2011).

The current battery of tests used during diagnosis includes extensive speech and

language assessments, which have proven valuable for identifying the deterioration of

linguistic and other cognitive constructs (Hernández-Domínguez et al., 2018; Sanborn

et al., 2022). One tool generally included in batteries of linguistic diagnosis tests is the

‘picture description task’. Within this task, a participant should describe or tell a story

depicted in a fairly simple image or set of images, and their responses can be recorded

and further analysed for symptoms of AD (Forbes-McKay and Venneri, 2005; Hübner

et al., 2019; Luz et al., 2020). In this context the semi-automatic processing of the

speech or transcription has been investigated for diagnosis with feature based methods

extracting lexical and syntactic information from the surface form (Petti et al., 2020),

and many recent works building upon language models such as BERT (Devlin et al.,

2019; Balagopalan et al., 2020) and GPT-2 (Radford et al., 2019; Li et al., 2022), and

further using Large Language Models (LLMs), such as GPT4 (B T and Chen, 2024).

However, while feature based methods explicitly incorporate lexical and syntactic

features such as pronoun-noun ratio (Bittner et al., 2022), lexical frequency (Almor,

1999), and repetition (Ben Ammar and Ben Ayed, 2018a) (Petti et al., 2020), language

model–based methods are more difficult to interpret due to the opaque nature of the

distributed representations within language models (Rogers et al., 2020). As they can

use various features of the text, it remains uncertain whether they depend primarily

on superficial characteristics or can truly grasp the more nuanced linguistic structures

beneath, and how robust they are to surface form changes.

Therefore, in this work we seek to produce transformed versions of the speech of AD

patients, that capture just the underlying meaning whilst changing the surface form,

and thus syntactic and lexical features. Semantic degradation has been shown to be a

key factor in AD-related language impairment (Reilly et al., 2011), it is important to

explore specifically the role of semantic information in automatic AD detection, and

separate it from the surface level indicators.
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7.1.1 Research questions

We propose a pipeline to disentangle semantic features from surface form features in

AD patients’ speech by transforming the original text. Specifically, we use generative

language models to standardize the surface characteristics of the texts, therefore, pro-

ducing text that still has a high level of semantic similarity with the original, allowing

for classification models to be trained that focus only on the semantic information. In

this study, these transformations consist of restructuring the content into a storyboard

format that sequentially organizes key information into text-only scenes and producing

summaries of different lengths.

Additionally, as an extreme case study where all surface elements of the text are

removed, we propose using models that can create images from text descriptions (text-

to-image) and, vice versa (image-to-text) to extract only the semantic component from

the original texts.

We evaluate our methodologies by comparing the original data to our created

data using two similarity metrics for the surface form (BLEU (Papineni et al., 2002),

chrF (Popović, 2015)) and a semantic similarity metric (embedding cosine similarity

(Reimers and Gurevych, 2019)). We also use the transformed data to train a BERT

classifier (Devlin et al., 2019) for automatic AD detection, to compare the performance

on a downstream task.

In this work, we aim to address three research questions:

1. Can we use LLMs to standardise the AD transcripts surface form, removing

lexico-syntactic indicators, whilst retaining the semantic information?

2. How do language model based AD classifiers perform when focusing solely on

the semantic information?

3. What does this tell us about the importance of semantic information in automatic

AD detection?

By answering these questions, we hope to explore what information language mod-

els use in the detection of AD and propose methods for extracting semantic information

so that the semantic impairment of patients with AD can be explored further.

Overall, our results show that our text-to-text methods can alter the surface form

sufficiently, leading to texts with low surface form similarity (BLEU < 0.1, chrF < 0.5)
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and high semantic similarity (> 0.6). We also show that this transformed text can

still be used to automatically classify between AD patients and the control group

with small ±0.1 macro F1 differences between the best performing transformations

and the original data. Conversely, we show that current text-to-image and image-

to-text generation algorithms introduce to much noise, which hinders the accurate

preservation of semantic information. This results in low semantic similarity and

greater performance variability.

The small changes in AD detection performance for our text-to-text pipeline show

that language models are robust to changes in the surface form and therefore are

capable of making classifications based on the underlying semantic information. Future

work employing this technique can further explore specifically the role of semantics

in AD-related language degradation. Additionally, the method opens up possibilities

for anonymisation, as surface level identifying information could be removed, and

synthetic data generation.

7.2 Background

This section has been adapted for use as part of the general background for the thesis

and can be found in Section 2.3.

7.3 Materials and methods

7.3.1 Datasets

We use two datasets in our analysis to ensure our results transfer across different

groups of AD patients and control groups. We use one dataset in English and one in

Portuguese, allowing us to compare the performance of the proposed method in two

different languages. A summary of the size of the datasets and the average length of

each entry is show in Table 7.1

Dog Story dataset

“The Dog Story”, a subtest of the Battery for Language Assessment in Ageing (Hübner

et al., 2019), is a dataset of transcribed responses, in Brazilian Portuguese, where par-

ticipants were asked to tell a story based on seven scenes. The dataset has transcripts
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Dataset Number of Texts Transcript Length

AD Control Total AD Control

Dog Story 23 116 139 105(±58) 127(±54)
ADReSS 78 78 156 90(±51) 105(±50)

Table 7.1: Count of the number of texts for each group in each dataset and the
mean(±std) transcript length, by number of words, in the AD and control groups.

from 139 participants. Of those participants, 23 had been diagnosed with AD, whilst

116 were from the control group. As a result, the dataset is very imbalanced, which

presents challenges when using it to train and evaluate a classification model. The

measures taken to handle this imbalance are described in the next section.

Alzheimer’s Dementia Recognition through Spontaneous Speech

In addition to evaluating the Dog Story task, we also evaluate the Alzheimer’s De-

mentia Recognition through Spontaneous Speech (ADReSS) dataset (Luz et al., 2020).

ADReSS is a set of transcripts of patients’ and controls’ spontaneous speech in response

to the Cookie Theft picture task (Goodglass and Kaplan, 1983). The dataset is bal-

anced for diagnosis, age, and gender, with a total of 156 participants, 78 diagnosed

with AD and 78 controls. This allows results to be compared with the larger body of

work on AD recognition through language, due to the widespread use of ADReSS.

Ethics Statement

Both datasets used in the study, Dog Story and ADReSS, are obtained via third

parties. Data was fully deidentified and included speech recordings, transcripts and

basic demographic data. The Dog Story dataset was collected between 2014 and

2023 to analyse speech in the elderly for individuals with cognitive decline. Ethics

approval was granted by the Pontificia Universidade Catolica do Rio Grande do Sul

(Ref: 53696221.4.1001.5336). DementiaBank reviewed and approved our data access

request to use the ADReSS dataset, which is a subset of the Pitt Corpus (Becker et al.,

1994), collected between 1983 and 1988 by the University of Pittsburgh Alzheimer’s

Research Program.

For both datasets, all enrolled participants provided informed written consent. The

University of Sheffield provided ethical approval and confirmed that this work meets

the conditions consented to by participants in both datasets (Ref: 067658).
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7.3.2 Transformation pipeline

We use LLMs to transform the transcribed speech of participants responding to the

picture description task, to alter the surface form, whilst maintaining the semantic

information. To do this, we propose a pipeline of methodologies, with each stage

producing text that abstracts the meaning from the original descriptions. The pipeline

can be seen in Figure 7.1, and an example of the output from the pipeline applied to

a random example from the Dog Story dataset can be found in Appendix B.

Figure 7.1: Our pipeline to transform the text. We present 3 main steps: translation,
text-to-text transformation, and image and caption generation. The models used in
the pipeline are shown in purple, the pipeline outputs used in the experiment are
shown in orange.

Step 1 in the pipeline translates non-English data into English using a generative

language model. This applies only to the Dog Story dataset (originally in Portuguese).

We use NLLB-200 (Team et al., 2022) for this translation, enabling all datasets to

utilize the same state-of-the-art English language models in subsequent steps.

Steps 2a and 2b both perform text-to-text transformations using generative lan-

guage models. For the Dog Story dataset, we employ GPT-4o (OpenAI et al., 2024b),

the current SOTA model. Due to data agreement restrictions for ADReSS, we cannot

use 3rd party models, therefore, we use a 6-bit quantized version of Llama-3.3 70B

(Grattafiori et al., 2024), which is optimized for our hardware (1 80GB H100 GPU).

All the prompts used across steps 2 and 3 can be seen in Appendix A.

In step 2a, we transform the text into structured “Storyboards”, while in step 2b,

we generate summaries at three different lengths. For step 2b, we produce 3 differ-

ent summary lengths to investigate how the similarity and downstream performance
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change as the model is forced to remove more information to create shorter texts. Both

methodologies will keep the key semantic information described in the original text

while altering the surface form. Additionally, the transformation in step 2a should

improve the text’s formatting for image generation in step 3.

The final transformation (step 3 in Figure 7.1) converts the storyboard descriptions

into images using a text-to-image model, then regenerates text using an image-to-text

model. This process leverages the fact that images represent semantic content without

syntactic information, allowing us to extract meaning independently from the original

surface forms. After finding similar performance between third-party and local models

for image and caption generation, we use StableDiffusion-3XL (Esser et al., 2024) for

image generation and LLaVa-8B (Liu et al., 2023a) for caption generation across both

datasets.

7.4 Metrics

To assess to what extent the proposed method successfully changes surface forms while

maintaining the relevant semantic information, we adopt similarity measures targeting

both surface forms and semantic information. Additionally, we evaluate the extrinsic

impact of these transformations in a classification task of AD vs. Control groups.

7.4.1 Similarity scoring

We use a number of similarity score metrics to compare the outputs from the different

types of transformation directly to each other and the original texts. These metrics

verify to what extent the surface form of the generated texts is substantially different

from the originals while maintaining the underlying information linked to AD relevant

for classification.

For surface form similarity, we use the similarity metrics BLEU(Papineni et al.,

2002) and chrF(Popović, 2015). BLEU uses the proportion of matching n-grams (se-

quences of n adjacent words) to calculate a measure of lexical overlap between pairs

of texts, whereas chrF performs a similar calculation but instead at the character

n-gram level (sequence of n characters). We use both metrics, as whilst BLEU can

capture word choice and phrase structure, it can also miss partial matches such as

from morphological inflection or from different word forms (e.g. “quick” vs “quickly”
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scores 0 BLEU, but > 0 chrF). Both metrics produce scores between 0 and 1, with

higher scores implying a closer match. chrF will typically be higher for any pair of

sentences as character-level matching is less strict, with scores < 0.4 indicating a poor

match, whilst a BLEU score of < 0.2 indicates similarly poor quality. Therefore, if

both metrics are low, we can conclude that there is very little overlap between the

surface forms resulting from the different transformations.

For semantic similarity, we use the cosine similarity between SentenceBERT (Reimers

and Gurevych, 2019) embeddings. SentenceBERT has been shown to effectively en-

code semantic information into dense vector representations, positioning semantically

similar texts closely within the embedding space. Texts with comparable meanings

have vectors separated by small angles, resulting in high cosine similarity values. Co-

sine values range between 0 and 1, with > 0.6 generally indicating a high level of

similarity and thus semantic information being conserved across the transformation,

while values < 0.4 indicate low similarity and low semantic conservation. In our ex-

periments, we use all-mpnet-base-v2, which is a variant of MPNet (Song et al., 2020)

fine-tuned for high-quality sentence representations, to create the embeddings for each

of our texts.

7.4.2 Classification

After verifying that the transformations substantially altered the surface form of the

original texts, we now aim to determine whether we can automatically classify AD

from the information after each of the transformations. To this end, our classification

is based on a standard methodology using BERT, which has been shown to have a

high performance on the ADReSS dataset by Balagopalan et al. (2020).

For each step of the pipeline for the Dog Story dataset, we perform 5-fold cross-

validation and train our BERT model on the remaining 80% of the dataset for each

fold. The ADReSS dataset contains ready-defined train and test splits that we have

adhered to in our evaluation. When training and evaluating the data in English, we

use the bert-base-uncased model (Devlin et al., 2019), and for Portuguese, we use

BERTimbau Base (Souza et al., 2020).

Each classification model is trained for 10 epochs with early stopping to prevent

overfitting. To calculate the overall score for each step, we average the accuracy (on

each class individually) and macro F1 achieved on each of the folds. Due to the
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large class imbalance in the Dog Story dataset, we use a weighted loss function when

training the classifier on this dataset, using the ‘calculate_class_weight’ function

from scikit-learn (Pedregosa et al., 2011). Additionally, we use macro F1 as the main

metric for our analysis.

To allow for comprehensive comparison, we perform 5 classification runs with each

transformation. Significance tests are performed using a two-sample t-test using the

average and standard deviation across the 5 runs.

7.5 Results

We discuss the results obtained both in terms of the intrinsic similarities between the

original texts and their transformations, and also of the extrinsic performance of AD

classification. The goal is to determine if the relevant signals for the latter can still

be accessed even with transformations, and we use the former to measure substantial

changes.

7.5.1 Similarity results

Results with all three similarity measures are compatible with our expected results

for the transformations on both datasets. We calculate the mean similarity between

corresponding pairs of sentences in the original and transformed texts. Table 7.2

presents the mean similarity scores between each transformation and the original text

(or the translated English text for the Dog Story dataset). Pairwise similarity metrics

between each transformation are shown and discussed in Appendix C.

Step Transformation Dog Story ADReSS

chrF BLEU Cosine chrF BLEU Cosine

2 Short Summary 0.39 0.03 0.69 0.40 0.03 0.60
2 Medium Summary 0.47 0.06 0.74 0.43 0.03 0.59
2 Long Summary 0.35 0.05 0.76 0.17 0.02 0.67
2 Storyboard 0.26 0.05 0.68 0.27 0.03 0.66
3 Image Description 0.25 0.01 0.39 0.23 0.01 0.45

Table 7.2: The similarity scores compared to original data for the surface form (BLEU
and chrf) and semantic (Cosine) metrics. The results shown are average values across
the examples in each dataset.
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The Dog Story dataset

Firstly, for the Dog Story dataset, all the transformations in the pipeline produce texts

with low surface form similarity, as can be seen by the low BLEU scores. The score

for each transformation when paired with the translated text is < 0.06, which shows

an extremely low level of lexical overlap between the two texts.

For semantic similarity, the mean cosine similarity scores are relatively high (≥
0.68) between the translated text and all the step 2 text-to-text transformations (Table

7.2 Cosine). In contrast to the BLEU scores, this shows that much of the semantic

information from the original text has been carried through into the transformed data.

However, when looking at the similarity compared to the step 3 image captions, a

pronounced drop to a cosine similarity score of 0.39 can be seen, suggesting that in

transforming between modalities (from text to image to text) some of the relevant

information may be lost. This may be due to the text lacking sufficient detail to

reconstruct the salient elements of the original image, or possibly because current

multi-modal models aren’t sophisticated enough to preserve the relevant information.

ADReSS dataset

The similarity scores on the ADReSS dataset follow a similar trend, with low surface

form (BLEU ≤ 0.03; chrF ≤ 0.43 and high semantic similarity (≥ 0.59) between the

transformed data and the original text. However, in general, we see slightly lower

semantic similarity scores, which may be a side effect of using the (smaller) local

models on this dataset compared with the GPT-4o for the Dog Story data. Again, we

see lower similarity with the image caption, 0.45, suggesting that the loss of information

through the image generation is not unique to any one dataset.

7.5.2 Classification results

Dog Story dataset

Table 7.3 shows both the accuracy per class and the macro F1 scores achieved when

a BERT classifier was trained at each step of the transformed Dog Story dataset. All

metrics are the mean obtained across 5 runs, each performed with a different seed;

each run adopts a 5-fold cross-validation, with the metrics averaged across the folds.

We achieve an F1 score of 0.602 when training the BERTimbau Base model on the
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Step Transformation macro F1 Accuracy per class

Positive (AD) Negative (C)

0 Original Portuguese 0.602 0.270 0.914
1 Translated English 0.667 0.383 0.922
2 Short Summaries 0.562 0.226 0.890
2 Medium Summaries 0.569 0.217 0.907
2 Long Summaries 0.677 0.391 0.929
2 Storyboard 0.677 0.365 0.943
3 Image Description 0.518 0.096 0.953

Table 7.3: The mean metrics across the 5 runs. Each data transformation is labelled
with its corresponding step in Figure 7.1. The best model for each metric is shown in
bold. AD group as Positive (AD) and Control as Negative (C).

original Portuguese data. This performance increases to 0.667 when translating the

data to English and using BERT (bert-base-uncased) model for classification.

Our summarized texts show a range of performance, with the short and medium-

length summaries achieving lower performance than the original data in Portuguese

and English, with F1 scores of 0.562 and 0.569, respectively. Our other step 2 trans-

formations, namely the long summaries and storyboards, achieve higher performance

than the translated English data, both achieving 0.677 F1. However, this is not a

statistically significant increase (p = 0.18 and p = 0.09). The imbalance in the data is

visible in the > 0.890 negative accuracy for all the classifiers and the relatively lower

positive class accuracy.

Finally, we see a substantial decrease in performance when training on the step 3

data, with the model only achieving a 0.518 F1 score. Looking further, we can see that

the mean positive class accuracy is only around 0.1, which indicates that the model

nearly always predicts the majority negative class.

ADReSS dataset

Table 7.4 shows the mean metrics across 5 runs when a classifier is trained on the data

from each of the transformations.

On the ADReSS dataset, similar trends to the Dog Story dataset are obtained with

the transformations as the Long Summaries and Storyboards achieve similar macro F1

scores of 0.707 and 0.704, higher than any of the other transformations. Moreover,

the Storyboards maintain the same balance of performance for the two classes as the

Original data. All the other transformations result in more accuracy for the Negative
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Step Transformation Macro F1 Accuracy per class

Positive (AD) Negative (C)

0 Original data 0.795 0.792 0.800
2 Short Summaries 0.661 0.608 0.717
2 Medium Summaries 0.677 0.600 0.758
2 Long Summaries 0.707 0.683 0.733
2 Storyboard 0.704 0.708 0.700
3 Image Description 0.538 0.475 0.617

Table 7.4: The mean metrics across the 5 runs. Each data transformation is labelled
with its corresponding step in Figure 7.1. The best model for each metric is shown in
bold. AD group as Positive (AD) and Control as Negative (C).

class. Finally, although none of the transformations in isolation can reach the 0.795

macro F1 score achieved when using the original data to train the classifier, they are

still much higher than the random accuracy of 0.5.

Additionally, we see the same pattern: the image description transformation is far

behind the others, with a macro F1 score of 0.538, close to the random baseline score.

7.6 Discussion

The results obtained confirm that while our transformations reduce the surface form

(or lexico-syntactic) similarities, they seem to maintain the more latent (or semantic)

similarities. While the former are consistently low compared to the original text, with a

BLEU < 0.06 for all transformations for both datasets, the latter remain high, and the

transformations that score highest on classification, Long Summaries and Storyboards

also have the highest semantic similarity. By calculating the Pearson Correlation

Coefficient, we find that the semantic similarity is highly correlated with classification

performance, with correlation of 0.721 (p = 0.106) on Dog Story and 0.919 (p = 0.01)

on ADReSS.

Further, the image description transformation has the lowest semantic similarity

and lowest classification performance on both datasets. Overall, these seem to indicate

that while text-to-text transformations are able to keep the relevant semantic indica-

tors linked to AD, these are not maintained in text-to-image-to-text transformations.

The poorer performance could be caused by relatively weaker multimodal models, but

could also be due to text descriptions containing insufficient information required to

produce an image (for example, the clothes worn, everything in the environment, or
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colours, etc.). This requires the image generation model to invent such details, which

are then incorporated into the generated caption. This spurious information reduces

the similarity to the original description, thus, reducing utility.

7.6.1 Further syntactic and lexical measures

We now analyse additional metrics for quantifying the surface form differences between

the texts produced by each transformation and the original data. We do this to under-

stand the impact of the transformations on the data and whether the transformations

also substantially change the distributional profile of the surface forms of the original

texts.

Type-Token Ratio and Lexical Frequency

There are a number of syntactic and lexical measures that have been shown in the

literature to have different distributions in texts produced by patients with cognitive

decline due to AD and study participants without AD. Due to the increased chance of

repetition, it has been shown that the speech from AD patients has a lower type-token

ratio (ttr) (Fang et al., 2017; Ben Ammar and Ben Ayed, 2018a; Mueller et al., 2016)

and use of words with a higher lexical frequency (lf) (Almor et al., 1999). These two

measures have also been shown to be significant markers of AD when used as features

for machine learning systems (Ben Ammar and Ben Ayed, 2018b), and have been used

as evaluation metrics for text generated by language models as a response to picture

description tasks (Li et al., 2022). To evaluate to what extent these measures differ

in the original texts from both groups (AD and Control) and if our transformations

alter them, we calculate the average of these values in the original text and the trans-

formations and measure if there are significant differences between them. Again, we

use a two-sample t-test to compare the means and standard deviations of the control

and AD groups. We focus this analysis only on the ADReSS dataset, for comparative

reasons with related work.

Comparing the original data for the two groups in the ADReSS dataset, neither

of these measures is significantly different between the groups (Table 7.5, Original).

Moreover, our transformations do not seem to introduce any marked differences be-

tween the two groups (from Short Summary to Image Description), which a model

could be using as a clue for distinguishing between them in the classification task. Al-
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though the ‘Long Summaries’ show some difference, with lower average ttr and higher

average lf in the AD group than in the control, the effect is not statistically significant

(p = 0.103 and p = 0.092).

Transformation ttrC ttrAD ttrp lfC lfAD lfp
Original 0.607 0.603 0.768 1.679 1.706 0.546
Short Summaries 0.821 0.828 0.478 1.225 1.215 0.496
Medium Summaries 0.818 0.833 0.199 1.231 1.209 0.175
Long Summaries 0.541 0.510 0.103 2.006 2.390 0.092
Storyboard 0.597 0.609 0.465 1.770 1.700 0.380
Image Description 0.597 0.609 0.465 1.770 1.700 0.380

Table 7.5: The mean measures for the control (C) and AD (AD) on the ADReSS dataset
and transformations. P-values (p), calculated using a paired t-test, are given for the
difference between the two groups.

Part-of-Speech based metrics

Other measures that have also been shown to be useful indicators of AD when analysing

language characteristics involve changes in distributions of certain parts-of-speech,

specifically, with increased pronoun-to-noun (pnr) ratio (Bittner et al., 2022), adverb

ratio (RB), and participle ratio (VB) (Fraser et al., 2016) having been observed. The

average value for each of these measures in the AD and control group for each of

the translations, and the p-value for the statistical significance of the differences, are

shown in Table 7.6. Although there is a statistically significant difference in all the

measures in the original text (indicated by the p-values lower than 0.001, for Original),

for two of the measures, pronoun-to-noun ratio and participle usage, this effect is not

statistically significant in all of our transformations. The difference remains statisti-

cally significant for increased adverb usage in 3 of our 5 transformations. However,

the absolute differences are lower.

These analyses provide additional confirmation that our transformations signifi-

cantly change the surface form characteristics of the texts. This, paired with the high

semantic similarity and the classification performance, getting close to or surpassing

the original text for some of our transformations, shows that language models are still

able to access the relevant latent indicators linked to AD even after the transformations

applied to a patient’s response.
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Trans. pnrC pnrAD pnrp RBC RBAD RBp VBC VBAD VBp

Original 0.265 0.441 <0.001 0.033 0.054 <0.001 0.073 0.054 <0.001
Short Summaries 0.108 0.107 0.964 0.010 0.019 0.007 0.109 0.106 0.648
Medium Summaries 0.122 0.157 0.155 0.012 0.016 0.256 0.103 0.101 0.853
Long Summaries 0.140 0.148 0.529 0.030 0.032 0.497 0.075 0.072 0.291
Storyboard 0.100 0.106 0.604 0.019 0.024 0.042 0.052 0.056 0.245
Image Description 0.100 0.106 0.604 0.019 0.024 0.042 0.052 0.056 0.245

Table 7.6: The mean measures for the control (C) and AD (AD) on the ADReSS dataset
and transformations. P-values (p) are given for the difference between the two groups.
Any statistically significant differences (p < 0.05) are shown in bold.

7.6.2 Effect of translation

When translating from a source to a target language, substantial changes in the sur-

face form would be expected due to differences in conventionality between the two

languages, with possible loss of information, which could affect performance for AD

classification. On the other hand, the translation into a more resourced language, like

English, allows access to potentially bigger models trained on larger quantities of data.

Therefore, the impact of these changes needs to be determined.

From our results for the Dog Story dataset, translating the original texts into

English and using an English-only classification model increases the performance com-

pared to processing the data in Portuguese (in Table 7.7 Original Portuguese vs Trans-

lated English). As we cannot directly compare the syntax across languages, it is hard

to understand whether this improvement comes from the translation fundamentally

changing the text, or it is a result of English language models performing better due

to English being a more richly resourced language.

To test this, we explore translating the text back into Portuguese from the trans-

lated English data using the NLLB-200 model. We then train a classifier based on

BERTimbau as we did with the original data. The results are in Table 7.7.

Data Transformation Macro F1 Positive Accuracy Negative Accuracy

Original Portuguese 0.602 0.270 0.914
Translated English 0.667 0.383 0.922
Back Translated Portuguese 0.636 0.313 0.927

Table 7.7: The mean metrics for the translations across 5 runs of 5-fold cross-validation.
The best model for each metric is shown in bold.

Whilst the results are not as high as those achieved with the English data, they
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are significantly better than those achieved with the original Portuguese data. This

suggests that there are performance gains from using the English language models.

Moreover, the translation seems to fundamentally change the text, but in a way that

improves access to the latent information that is relevant for AD.

A manual analysis of the data confirms that both the translations into English and

back-translations to Portuguese are mostly good quality, with some small grammatical

mistakes made by the model. The back translations appear to be more fluent, removing

some of the markedness of the original texts, especially those of AD patients. Although

we would expect this change to negatively affect the AD classification performance as

the irregularities should be useful indicators, this may remove some of the confounding

clues from the surface form and make detection of the latent semantic differences easier.

Further work is needed to verify this, however.

7.7 Conclusion

In this work, we examined how we can use large language models to modify the tran-

scripts of patients with Alzheimer’s Disease, such that the surface (lexico-syntactic)

form is changed, whilst keeping the meaning (semantics) the same. Using a range of

metrics, we show that our pipeline of text transformations successfully modifies the

lexico-syntactic features of the texts, as measured with low BLEU and chrF scores,

whilst maintaining high semantic similarity, as measured with cosine similarity from

SentenceBERT. Across two datasets in English and Portuguese, we train BERT clas-

sifiers with both these modified texts and the originals, finding only small, both pos-

itive and negative, performance differences on Alzheimer’s detection. These results

contribute to our understanding of how Alzheimer’s affects language production, sug-

gesting that semantic degradation is the most fundamental effect of the progression

of the disease, with lexico-syntactic degradation being a byproduct, supporting the

conclusions of some prior work.

We also look at an approach which generates images from LLM-generated story-

boards, and then captions them back into text, as a further way to create summaries.

This approach, however, leads to a reduction in performance, requiring further inves-

tigation.

Our work presents future opportunities to specifically analyse the effects of AD on

the semantic component of linguistic production. As semantic degradation is often an

97



early marker of AD Vonk et al. (2020), this could include use within temporal pipelines,

allowing researchers to monitor linguistic deterioration over time. Further more, the

transformation of AD-related texts into versions that maintain semantic information

could be used for anonymisation and synthetic data generation.
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A Generation prompts

Step Transformation Prompt

2 Short Summary Summarise the following text into a one sentence sum-
mary. Just output the summary and no other informa-
tion.

2 Medium Sum-
mary

Summarise the following text into a concise summary.
Just output the summary and no other information.

2 Long Summary Summarise the following text into a long summary con-
taining as much information as possible. Just output
the summary and no other information.

2 Storyboard Transform any text you are given into key story scenes.
Focus on the most important story moments. Break
down complex actions into separate scenes if needed.
Just output the storyboard and no other information.

3 Image Caption Describe in detail what is happening in the image.

Table 7.8: Prompts used with the (multimodal) Large Language Models for generation
at each step in our pipeline

B Example pipeline output

An example of the output produced by our pipeline for a randomly selected example

from the Dog Story dataset can be seen in Table 7.9.

C Full similarity results

In addition to performing the similarity test between the original texts and the trans-

formations, we also calculate the same metrics between all pairs of texts. These metrics

are presented as confusion matrices in Figure 7.2 for the Dog Story dataset, and Figure

7.3 for ADReSS.

Overall, a similarly low level of syntactic similarity is seen between the transformed

texts, as was seen when comparing each transformation to the original data. This

shows that our transformations produce diverse texts and strengthens our claims that

the classification models are robust to changes in the surface form.

For semantic similarity, again, the pairwise similarities are high (except compar-

isons with the image caption) and in the range of scores between the transformed texts
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and the originals. This shows that the general meaning of the texts is being preserved

across all the transformations, with some small variations in the information kept by

the models. This may explain some of the variation in classifier performance observed.

Figure 7.2: Complete pairwise similarity scores for all the transformations of the Dog
Story dataset, presented in confusion matrices.

Figure 7.3: Complete pairwise similarity scores for all the transformations of ADReSS,
presented in confusion matrices.
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Step Transformation Prompt

0 Original O menino ia passando na rua e viu um cachorrinho. Gostou do cachorrinho,
aí chamou o cachorrinho, e o cachorrinho veio do lado dele. Aí, o cachorrinho
acompanhou ele, né? Aí, chegando em casa, ele escondeu o cachorrinho dentro
do roupeiro pra sua mãe não ver. Mas sua mãe achou o cachorrinho dentro do
roupeiro e brigou com o menino. O menino pediu, por favor, pra ela, e aí ela
deixou. Tanto é que fez a casinha e tudo, ajudou ele a fazer a casinha pra colocar
o cachorro.

1 Translated The boy was walking down the street and saw a puppy. He liked the puppy, so
he called the puppy, and the puppy came to his side. Then the puppy followed
him, didn’t it? Then, coming home, he hid the puppy inside the wardrobe so
his mother wouldn’t see it. But his mother found the puppy inside the wardrobe
and got into a fight with the boy. The boy asked her for it, and then she left. So
he did the house and everything, helped him make the house to put the puppy.

2 Short Summary A boy found a puppy he liked on the street, hid it from his mother who eventually
discovered it, leading to a disagreement after which he helped make a place for
the puppy at home.

2 Medium Summary The boy found a puppy on the street and brought it home, hiding it in a wardrobe
to keep it from his mother. However, she discovered the puppy, leading to an
argument. Eventually, the boy convinced her to let him keep the puppy, and
they created a space for it at home.

2 Long Summary A boy spotted a puppy while walking and immediately took a liking to it. When
he called the puppy, it obediently came to him and began to follow him. Wanting
to keep the puppy a secret, the boy hid it inside a wardrobe upon reaching home.
However, his mother soon discovered the puppy and confronted the boy, leading
to a disagreement. Despite the initial conflict, the boy pleaded with his mother,
who eventually relented. The boy took on the responsibility of making a suitable
home for the puppy, diligently preparing a space for it.

2 Storyboard 1. **The Encounter:** The boy walks down the street and spots a playful puppy.
He feels an instant fondness for the little creature.
2. **The Bonding:** The boy calls out gently to the puppy, and it eagerly trots
to his side, forming an immediate companionship.
3. **The Secret:** As they reach home, the boy decides to keep the puppy a
secret and carefully hides it inside his wardrobe, hoping his mother won’t notice.
4. **The Discovery:** The boy’s mother unknowingly opens the wardrobe and
is surprised to find the hidden puppy, leading to a confrontation with her son.
5. **The Conflict:** The boy pleads with his mother to keep the puppy, ex-
pressing his desire and attachment to it.
6. **The Resolution:** Touched by her son’s plea, the mother decides to leave
the room, allowing him to figure out how to care for the puppy.
7. **The New Beginning:** With determination, the boy takes on responsibili-
ties, cleaning the house and creating a makeshift home to care for his new puppy,
symbolizing his commitment and love.

3 Image Caption The image displays a red door with a white envelope tucked into the door jamb.
This suggests a scenario where someone has left a message or letter for the per-
son inside. The envelope, peeking out from the door, adds a sense of anticipation
or communication, perhaps left for someone who isn’t home. The area is oth-
erwise devoid of people or additional actions, focusing solely on the simple, but
potentially significant act of leaving a note.

Table 7.9: Example outputs from each stage of our pipeline for a randomly chosen example from the Dog
Story dataset. 101



Chapter 8

Conclusion

This thesis investigated two forms of distributional semantic outliers: idiomatic expres-

sions and semantic changes in Alzheimer’s disease. The work contributes state-of-the-

art techniques for idiomaticity representation, provides the first systematic evaluations

of LLMs’ ability to process idiomaticity, and introduces novel semantic isolation meth-

ods for automatic AD detection systems.

8.1 Summary

Publication I uses the BERTRAM framework to generate new single-token embeddings

for a number of noun-compound idiomatic expressions. As a submission to SemEval-

2022 Task 2, a SentenceBERT model using these embeddings placed 1st and 2nd in

the two settings it was entered into. It also achieved the overall highest scores on the

idiomatic split, suggesting these embeddings are SOTA for idiom representation. The

representations can also be seen as sample efficient as only a few randomly scraped

examples of each expression are required, with even better results from as low as 10

examples being achieved with a small amount of manual labelling.

Publication II takes these embeddings, and another sample efficient method, PET,

and evaluates their performance on an idiomaticity detection task. Overall, the sample

efficient methods provide modest benefits to idiomaticity detection in English, with

small increases when using PET and larger ones from BERTRAM. For Portuguese and

Galician, the results are more mixed, with a significant reduction in performance being

found for most cases in Portuguese. Initial error analyses using monolingual prompts

and language models are unable to explain this discrepancy.
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Publications III and IV produce the first studies on how well multi-billion param-

eter language models represent idiomaticity by benchmarking them against a number

of idiomaticity detection datasets in 3 languages. Both papers find that the largest

models show very high levels of idiomatic understanding, but that smaller models

specifically fine-tuned for the task still perform better. In addition, Publication IV

uses chain-of-thought reasoning outputs to probe the model’s understanding of idioms

and their ability to reason about them. Again, these analyses find that the largest

models can accurately reproduce and reason with definitions for the majority of ex-

pressions, whilst smaller models struggle.

Publication V presents work on isolating semantic information in responses to a

common linguistic diagnostic test for AD, the picture description task. By performing

a number of transformations, summarisation, storyboard creation and translation,

on the original data we show that surface form features often used for diagnosis are

removed, and low surface similarity is achieved whilst semantic similarity remains high.

Using this transformed data for automatic classification produces similar performance

to using the original data.

8.2 Research Questions

This section discusses how the findings from each of the papers in the thesis contributes

to our understanding of each of the research questions presented in 1.2.

RQ1: How can low resource techniques be used to improve the repre-

sentation of idiomatic expressions, and can better representations be used

to improve idiomaticity detection?

Publications I and II sought to directly address RQ1 by applying existing sample

efficient techniques, used in other domains, to the tasks of idiomaticity representa-

tion and detection. Using only a few examples, the single-token idiomatic expression

embeddings generated using BERTRAM in Publication I achieved the highest overall

performance on the idiomatic subset and placed 1st and 2nd in SemEval-2022 Task

2b. This high performance suggests that these embeddings reach state-of-the-art per-

formance, demonstrating the power of low resource techniques.

On idiomaticity detection, the results in Publication II show that the low resource

embeddings can improve performance on the English split of the dataset considerably
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from the baseline. Another low resource technique, PET, also shows improvement

over the baseline. Overall, the results show, that at least on English, low-resource

techniques can be effective for idiomaticity representation and detection, however they

alone cannot reach SOTA detection performance.

Results from both papers on Portuguese and Galician raise questions about the

efficacy of these methods on languages other than English, which explorations in both

papers are unable to fully explain.

RQ2: How can very large generative language models with billions of pa-

rameters be leveraged for idiomaticity detection, and do they demonstrate

enhanced understanding of idiomatic expressions compared to smaller mod-

els?

Using idiomaticity detection as a benchmark task, Publication III demonstrates

that both large software-as-a-service models and smaller local models achieve high

out-of-the-box performance. Most larger models reach performance saturation on the

FLUTE dataset, while results on MAGPIE approach similar levels. The exception is

SemEval-2022, where generative LLMs fail to match fine-tuned smaller models, this can

largely be attributed to challenges with the Portuguese and Galician examples. Few-

shot prompting and prompt translation help address these multilingual limitations.

Publication IV builds on these findings by showing that chain-of-thought prompt-

ing delivers substantial performance gains, eliminating the gap with fine-tuned models

and pushing macro-F1 scores towards 0.9 on both FLUTE and MAGPIE. However,

significant performance gaps persist on SemEval, particularly on non-English subsets,

demonstrating that reasoning approaches are not a silver bullet. The paper also evalu-

ates DICE, a dataset its authors claim remains challenging for LLMs, yet performance

again approaches saturation levels.

The manual analysis in Publication IV reveals that larger models consistently repro-

duce accurate definitions of idiomatic expressions and reason effectively about them.

Notably, the manual analysis reveals that many apparent model errors could be at-

tributed to mislabelled or ambiguous examples in the datasets themselves, rather than

poor understanding from the models.

These findings collectively demonstrate that out-of-the-box large language models

possess sufficient understanding of idiomatic expressions to effectively saturate English

idiomaticity detection tasks, even on datasets specifically designed to challenge current
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LLMs.

RQ3: Can language models detect Alzheimer’s Dementia from speech

when relying solely on semantic information rather than surface-level lin-

guistic features?

The work in Publication V address the final research question, RQ3. These results

show that LLMs can be used to transform text data in a way that removes surface

features and allows the isolation of just the semantic information. Analysis in the

paper shows that many surface features commonly used to detect AD are removed,

and surface similarity metrics are low, whereas semantic similarity metrics remain

high. This opens up the possibility of evaluating automatic AD detection systems just

on how they detect semantic shifts in patients with AD.

Despite the removal of the surface form features, evaluation with commonly used

frameworks for AD detection with language models produce similar results to when the

original data is used. The results vary slightly between the Dog Story dataset, where

performance is improved with transformation, and the ADReSS dataset, where perfor-

mance is slightly reduced. However, overall, it can be seen that semantic information

alone can be used as a marker for AD.

8.2.1 Overall Findings

Beyond addressing the individual research questions, the results shown in this thesis

have revealed broader insights into how modern LLMs handle distributional semantic

outliers. A summary of contributions and overall findings can be seen in Figure 8.1,

showing the main finding for each research question as well as the main finding taken

from research questions 2 and 3.

Both idiomatic expressions and language in Alzheimer’s disease represent challeng-

ing cases of semantic outliers, though for different reasons. Idioms violate the principle

of compositionality, whereas the semantic changes in AD manifest as subtle shifts in

meaning comprehension and production. These two phenomena thus represent comple-

mentary challenges: idioms require models to move beyond compositional semantics,

while AD language requires models to represent the subtle out-of-distribution changes

that serve as markers of AD.

For idiomaticity, the thesis employed a progression of approaches with increasing
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Figure 8.1: Updated version Figure 1.1 giving a summary of the findings for each
research question as well as the overall findings for RQ2 and RQ3

model scale. Initial work with encoder models began with sample-efficient methods to

inject knowledge through specialised embeddings and pattern-exploit training (PET).

The work then progressed to evaluating the performance of LLMs, and revealed that

multi-billion parameter models achieve near-saturation performance on idiomaticity

detection tasks out-of-the-box, with chain-of-thought reasoning further closing the

gap with specialised fine-tuned systems.

For AD detection, the thesis used LLMs to implement multiple types of transfor-

mation: summarization, storyboard creation, and translation. These transformations

were used to strip away surface-level features while preserving semantic content. This

demonstrated that even in the cases of out-of-distribution changes, LLMs can still ac-

curately capture semantics, as shown by the similar performance achieved when using

the transformed data for the downstream detection task.

The central finding across both research strands is that modern multi-billion pa-

rameter language models possess robust semantic representations that extend to dis-

tributional outliers. These models demonstrate strong performance on idiomaticity

detection tasks, accurately reproduce and reason about idiomatic meanings, and can

perform semantic-preserving transformations of AD patient narratives. This suggests
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that contemporary LLMs have internalized sufficiently rich semantic knowledge to

handle non-compositional meaning and detect subtle semantic degradation, capabili-

ties that smaller or more specialized models often struggle to achieve consistently.

Limitations

However, important limitations emerged across the work. The efficacy of all the

techniques explored for idiomaticity, including even the largest models, varied sig-

nificantly across languages, with Portuguese and Galician showing inconsistent results

that remain partially unexplained. For AD detection, while semantic information

alone proved diagnostically useful, the transformation approach introduced its own

complexities, with performance impacts varying across datasets.

Additionally, a limitation of the work as a whole is the focus on just two cases of se-

mantic outliers, future work should focus on expanding the analyses to other categories

of semantic outliers. Two additional categories explored as part of this PhD, but not

presented in this thesis, include other types of figurative language (metaphor, simile,

sarcasm, etc.), which display similar non-compositionality to idiomatic expressions,

and clinical expressions, which require additional domain knowledge to understand.

8.3 Impact of Work

Publications I and II represent an improvement on representations of idiomaticity,

achieving SOTA which caused them to place 1st and 2nd in the two SemEval-2022 Task

2b subtasks. Although much of the field has moved on from explicit word embedding

techniques, both papers have been cited in some of the more recent work in this area

(He et al., 2024, 2025; Wada et al., 2023).

Publications III and IV provide a foundation for research on how large generative

models handle idiomatic expressions. To our knowledge, Publication III represents

the first published investigation into large language models’ comprehension of any

type of figurative language, while Publication IV builds upon this work by examining

reasoning models, an analysis we believe is also a first of its kind. Publication III was

awarded the Best Paper Award at the Joint Workshop on Multiword Expressions and

Universal Dependencies.

Publication V opens a new research direction for work in AD detection using purely

semantic information from language based diagnostic tests. As discussed in section
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2.3, semantic impairment has been shown by clinicians to be an early symptom of

cognitive decline in AD, and so dedicated work on detecting this can have wide-ranging

effects. As such, we imagine the work, and the results within, as a baseline for future

explorations into the utility of semantic information as a marker for automatic AD

detection.

8.4 Future Research Directions

Hybrid Idiom Processing While the field has largely shifted toward large language

models from the smaller embedding models examined in Publications I and II, smaller

encoder models retain significant utility in efficient and/or constrained systems, and

as such future work should still look at improving contextual embeddings.

A promising direction involves implementing hybrid processing (Titone and Con-

nine, 1999) approaches for idiomatic expression, rather than the single-token model

adopted in our work. The hybrid processing approach suggests that native speakers

process potentially idiomatic expressions as both single tokens and compositionally

simultaneously, whereas current language models must exclusively use one represen-

tation, and has been widely adopted within psycholinguistics. Utilising a hybrid ap-

proach may make detection of PIEs easier and provide a basis for richer representations.

Extension to other languages Much of the representational improvements and

high performance gains from LLMs discussed in this thesis have been only demon-

strated on English language data. While collections of idiomatic expressions exist for

other languages, these have not been developed into structured datasets or tasks suit-

able for training and evaluating LLMs. Extending this work to multilingual contexts

would broaden the applicability of these advances, and potentially provide insights

into cross-language linguistic patterns.

New datasets for modern LLMs Idiomaticity detection is currently the main task

used to test models understanding of idiomatic expressions. However, as the work in

Publications III and IV show, LLMs can achieve near human performance out-of-the-

box in these tasks and showing good idiomatic understanding, effectively saturating

existing English idiomaticity detection benchmarks.

Therefore, to accurately evaluate and compare representation and understanding
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of idiomaticity within new LLMs, the community requires new tasks and datasets.

Work like DICE takes a step towards this, but ultimately, existing models are already

performing highly here.

Future work should therefore pursue two complementary directions:

1. Development of new types of tasks for idiomaticity representation evaluation.

This work has already begun with several potential tasks, including question

answering (Zeng and Bhat, 2023; He et al., 2025) and multimodal idiomaticity

detection (Pickard et al., 2025).

2. Creation of datasets featuring novel expressions that require much higher lev-

els of contextual disambiguation, rather than relying on memorized knowledge.

Humans demonstrate the ability to interpret new idiomatic expressions, through

contextual reasoning, whether LLMs also exhibit this ability is yet to be studied,

and would provide more evidence on how they utilise context.

Exploration of new classification architectures for semantic information ex-

plicitly The work presented in this thesis used a BERT prediction model that is

a standard across many tasks, and previously validated for AD detection on the

ADReSS dataset. However, the isolation of semantic features creates opportunities

to explore other language model architectures that could better leverage the semantic

information. Future work could explore more complex BERT based systems or larger

generative models that may capture more nuanced semantic relationships relevant to

cognitive decline.

Integrating specific semantic processing into pipelines Our work demon-

strates that semantic information alone can effectively detect AD, opening possibilities

for more modular detection pipelines. These could integrate our semantic transfor-

mation approach with existing syntactic, acoustic, and other linguistic feature-based

methods to create interpretable detection systems.

The use of a modular architecture may improve classification performance as the

deterioration can be captured in different aspects of language. Additionally, they will

enhance interpretability by isolating the contributions of distinct linguistic features.

Interpretability is a critical requirement for clinical applications where patient trust in

machine learning systems remains low (Hallowell et al., 2022; Thornton et al., 2024).
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Being able to explain which specific linguistic factors influence model decisions is a

step toward building clinical acceptance.

Moreover, modular pipelines could incorporate temporal analysis to track semantic

degradation patterns over time, potentially enabling earlier detection and monitoring

of disease progression.

Investigation of understanding of semantic outliers by those with cognitive

impairment Although the exploration of idiomatic language and linguistic degra-

dation in AD were explored separately in this thesis, the two research directions could

be integrated through an investigation of how those with AD process idiomatic ex-

pressions. We could hypothesise that the semantic deterioration caused by AD may

lead to lower production and comprehension of more semantically complex items such

as idioms and other semantic outliers.

This sort of study could take many forms, for instance, it could look at responses

to a picture description task given by AD patients and the control group and compare

the number, type, and suitability of produced multi-word expressions.
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