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POPULÄRVETENSKAPLIG SAMMANFATTNING

Neuronala språkmodeller ligger bakom många vardagliga användningar, bland annat mjukvara
som kontrollerar stavning och grammatik och som kompletterar text. De mest omtalade systemen
just nu är dock chatbotar som ChatGPT. Sådana modeller har många imponerande färdigheter:
Man kan ställa olika typer av frågor till dem, och svaren är ofta både korrekta och välskrivna.
Chatbotar kan även hjälpa med textsammanfattningar, med att omstrukturera och förbättra text,
med programmeringsfrågor och med många andra uppgifter.

En utmaning med dagens språkmodeller är att de är så stora och tränade på så pass stora
mängder text att det är omöjligt att fullt ut förstå hur de fungerar och varför man får ett visst
svar. Den största delen av sina färdigheter får modellerna från så kallad självövervakad träning:
De är inte tränade på att svara på frågor utan att på att predicera nästa ord i en text (eller ord
som saknas någonstans i texten) och lär sig själv vilken information som är viktig för att lösa
den konceptuellt enkla uppgiften. Självövervakad träning har visat sig vara effektiv för att
modellerna ska tillägna sig kunskap om lingvistik och fakta, men det är inte trivialt att veta exakt
vilka kunskaper och egenskaper modellen får. En sådan förståelse är dock nödvändig för att
kunna förbättra modellerna och för att bedöma när de är pålitliga och kan användas med gott
samvete.

Syftet med den här avhandlingen är att utveckla, förbättra och utvärdera metoder inom för-
klarbar språkteknologi. Jag presenterar vårt arbete inom två delområden: interpretation av
modellernas interna representationer och generering av förklaringar för individuella svar. I
det första delområdet har vi utvecklat en metod för att förstå begränsningarna med en populär
metod inom modellinterpretation som kallas för probing. Med hänsyn till dessa begränsningar
har vi utvecklat metoder för att göra probing mer utmanande samt nya metriker för att mäta
språkmodellers kvalitet. I det andra delområdet är fokusen på språkmodeller som har förmågan
att kunna generera förklaringar för sina svar. Vi har systematiserat egenskaper som förklaringar
som genereras av människor har och undersökt om de även finns i automatiskt genererade förkla-
ringarna. Våra resultat visar att vissa egenskaper förekommer hos en stor del av de genererade
förklaringarna, speciellt olika former av ofullständighet och illustrerande element. Subjektivitet
förekommer mycket mer sällan i genererade förklaringar, antagligen för att ett senare steg i
modellernas träningsprocess stävjar den här egenskapen. Mer generellt kan vi konstatera att
mänskliga användare och tillämpningssystem som bygger på språkmodeller har olika behov
med avseende på vilka egenskaper dessa förklaringar ska ha.

Vår forskning bidrar till en bättre förståelse av språkmodeller, men det är viktigt att vara tydlig
med att vi är långt ifrån en detaljerad förståelse. Kompletterad med kunskap om modellens
arkitektur, träningsdata och träningsmål kan kunskapen och metoderna dock vara till hjälp för
att formulera och testa hypoteser för hur modellerna beter sig.
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ABSTRACT

Large language models (LLMs) have become the base of many natural language processing (NLP)
systems due to their performance and easy adaptability to various tasks. However, much about
their inner workings is still unknown. LLMs have many millions or billions of parameters, and
large parts of their training happen in a self-supervised fashion: They simply learn to predict
the next word, or missing words, in a sequence. This is effective for picking up a wide range of
linguistic, factual and relational information, but it implies that it is not trivial what exactly is
learned, and how it is represented within the LLM.

In this thesis, I present our work on methods contributing to better understanding LLMs. The
work can be grouped into two approaches. The first lies within the field of interpretability, which
is concerned with understanding the internal workings of the LLMs. Specifically, we analyse and
refine a tool called probing classifiers that inspects the intermediate representations of LLMs,
focusing on what roles the various layers of the neural model play. This helps us to get a global
understanding of how information is structured in the model. I present our work on assessing
and improving the probing methodologies. We developed a framework to clarify the limitations
of past methods, showing that all common controls are insufficient. Based on this, we proposed
more restrictive probing setups by creating artificial distribution shifts. We developed new
metrics for the evaluation of probing classifiers that move the focus from the overall information
that the layer contains to differences in information content across the LLM.

The second approach is concerned with explainability, specifically with self-rationalising models
that generate free-text explanations along with their predictions. This is an instance of local
understandability: We obtain justifications for individual predictions. In this setup, however, the
generation of the explanations is just as opaque as the generation of the predictions. Therefore, our
work in this field focuses on better understanding the properties of the generated explanations.
We evaluate the downstream performance of a classifier with explanations generated by different
model pipelines and compare it to human ratings of the explanations. Our results indicate that the
properties that increase the downstream performance differ from those that humans appreciate
when evaluating an explanation. Finally, we annotate explanations generated by an LLM for
properties that human explanations typically have and discuss the effects those properties have
on different user groups.

While a detailed understanding of the inner workings of LLMs is still unfeasible, I argue that
the techniques and analyses presented in this work can help to better understand LLMs, the
linguistic knowledge they encode and their decision-making process. Together with knowledge
about the models’ architecture, training data and training objective, such techniques can help us
develop a robust high-level understanding of LLMs that can guide decisions on their deployment
and potential improvements.

iv



Acknowledgments

Since I came to Linköping five years ago, a lot of people have contributed to the work on this
thesis and to making my PhD experience enjoyable and fun.

First and foremost, I want to thank my supervisor Marco Kuhlmann for your support and
guidance. It’s been super inspirational to work with someone with such a commitment to
rigorous research practice, attention to detail, and not least a passion for great teaching.

A huge thank you to my other colleagues in the NLP group, Ehsan Doostmohammadi, Oskar
Holmström, Olle Torstensson, Marcel Bollmann, Kevin Glocker and Noah-Manuel Michael, for
sharing ideas and experiences and for discussions about research and everything else. I also
want to thank my amazing master’s thesis students Martin Jirénius and Marc Braun for their
great work on their thesis projects and on the papers we have co-written. And not to forget
all my former colleagues from NLPLAB, Arne Jönsson, Lars Ahrensberg, Robin Kurtz, Evelina
Rennes, Jody Foo, Jalal Maleki and Riley Capshaw, and my co-supervisor Eva Blomqvist. You all
provided invaluable feedback and inspiration especially at the beginning of my PhD journey.

I thank Richard Johansson, Lovisa Hagström and Tobias Norlund for many research discussions
especially during the pandemic and when our own NLP group was still tiny. Thanks to Ryan
Cotterell for the insightful discussions in my mid-term seminar, and to everyone else who
attended my seminars and presentations over the years and gave feedback to my work.

All the lunch and fika breaks wouldn’t have been as fun without the guys (m/f/d) from the
planning group and elsewhere at AIICS and HCS. Thank you for your company!

I thank Karin Baardsen for your assistance with everything concerning travel and money, and
Anne Moe for your great support with the bureaucratic processes and everything else. Thanks to
my colleagues in the PhD Council for constantly working on improving the PhD experience at
IDA.

A great thank you to my family for supporting me and my dreams and ideas, even though they
tend to send me far away from you. And finally, a huge thank you to my three favourite people:
To my partner Max for coming to Linköping with me and for all the support over the years, and
to our kids Josefine and Rufus for making life colourful. I love you!

v





Contents

Abstract iii

Acknowledgments v

Contents vii

List of Figures xi

List of Tables xiii

I Introductory Summary 1

1 Introduction 3
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2.1 Interpretation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.2 Explanation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Delimitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Reading Guide . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Language Representation Learning 9
2.1 Neural Network Language Representations . . . . . . . . . . . . . . . . . . . . 9
2.2 Word Embeddings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3 Contextualized Language Representations . . . . . . . . . . . . . . . . . . . . . 10

2.3.1 ELMo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.3.2 BERT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.3.3 GPT-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.3.4 GPT-3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.5 GPT-3.5 and GPT-4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4 Limitations of Large Language Models . . . . . . . . . . . . . . . . . . . . . . . 16
2.4.1 Generalisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.4.2 Hallucinations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4.3 Form and Meaning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3 Interpretation 19
3.1 Behavioural Probes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.2 Structural Probes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.3 Mechanistic Interpretation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.4 Probing Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.4.1 Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

vii



3.4.2 Influential Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.4.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.4.4 Comparison to other Methods . . . . . . . . . . . . . . . . . . . . . . . 27

4 Explanations 29
4.1 Input Relevance Measurements . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.1.1 Attention . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.1.2 Other Attribution Methods . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.1.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.2 Deductive Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.3 Natural Language Explanations . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.3.1 Applications and Datasets . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.3.2 Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
4.3.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5 Paper Summaries 43
5.1 Paper I . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
5.2 Paper II . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
5.3 Paper III . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.4 Paper IV . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.5 Paper V . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.6 Other Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

5.6.1 Constructing Surrogate Models for Textual Explanations . . . . . . . 47
5.6.2 Understanding Cross-Lingual Transfer . . . . . . . . . . . . . . . . . . 47

6 Conclusion 49
6.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
6.2 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

6.2.1 Understanding the Internal Processes of LLMs . . . . . . . . . . . . . 50
6.2.2 Building LLMs that are More Interpretable by Design . . . . . . . . . 51
6.2.3 Targeted Explanations that Consider the User’s Needs . . . . . . . . . 51

Bibliography 53

II Papers 81

7 Paper I 85
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
7.2 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

7.2.1 Neural Sentence Encoders . . . . . . . . . . . . . . . . . . . . . . . . . 87
7.2.2 Probes and Probing Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . 87

7.3 Extracting Linguistic Structure, One Embedding at a Time . . . . . . . . . . . . 88
7.3.1 Extracting Structure vs. Learning a Task: A Continuum . . . . . . . . 88
7.3.2 Neighboring Word Identity Probes . . . . . . . . . . . . . . . . . . . . 88

7.4 A Framework for the Analysis of Probing Experiments . . . . . . . . . . . . . . 91
7.4.1 The Context-Only Hypothesis . . . . . . . . . . . . . . . . . . . . . . . 91
7.4.2 Review of Baselines under the Hypothesis . . . . . . . . . . . . . . . . 91
7.4.3 Review of Model and Training Restrictions under the Hypothesis . . 92
7.4.4 Empirical Analysis of Training Restrictions . . . . . . . . . . . . . . . . 93
7.4.5 The Pipeline Argument . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

7.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

viii



8 Paper II 105
8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
8.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

8.2.1 Probing (and its Limitations) . . . . . . . . . . . . . . . . . . . . . . . . 106
8.2.2 Interpolation and Extrapolation . . . . . . . . . . . . . . . . . . . . . . 107
8.2.3 What are Hard Examples? . . . . . . . . . . . . . . . . . . . . . . . . . 107

8.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.3.1 Word Representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.3.2 Probing Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.3.3 Tasks and Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
8.3.4 Scoring Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
8.3.5 Easy Sets and Hard Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
8.3.6 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

8.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
8.4.1 Sentence Length . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
8.4.2 Arc Length . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
8.4.3 Most Frequent Tag and Tag Proportions . . . . . . . . . . . . . . . . . 113
8.4.4 Speed of Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
8.4.5 Sample-specific Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

8.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
8.5.1 Scoring Functions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
8.5.2 Contributions and Limitations . . . . . . . . . . . . . . . . . . . . . . . 117

8.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

9 Paper III 127
9.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
9.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
9.3 A Taxonomy of Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

9.3.1 General Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
9.3.2 Global Baselined Probing (GBP) . . . . . . . . . . . . . . . . . . . . . . 130
9.3.3 Global Conditional Probing (GCP) . . . . . . . . . . . . . . . . . . . . . 130
9.3.4 Local Baselined Probing (LBP) . . . . . . . . . . . . . . . . . . . . . . . 131
9.3.5 Local Conditional Probing (LCP) . . . . . . . . . . . . . . . . . . . . . 131
9.3.6 Emergent Information (EMI) . . . . . . . . . . . . . . . . . . . . . . . . 131
9.3.7 EMI, Baselined Control (EMI-BL) . . . . . . . . . . . . . . . . . . . . . 132

9.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
9.4.1 Probing Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
9.4.2 Language Representation Models . . . . . . . . . . . . . . . . . . . . . 132
9.4.3 Data and Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
9.4.4 Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

9.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
9.5.1 Max Layer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
9.5.2 Early Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

9.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
9.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

10 Paper IV 151
10.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
10.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

10.2.1 Automatic Evaluation and Diagnostics . . . . . . . . . . . . . . . . . . 153
10.2.2 Human Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

10.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
10.3.1 Data Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

ix



10.3.2 Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
10.3.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

10.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
10.4.1 BERTScores and Surface Features . . . . . . . . . . . . . . . . . . . . . 158
10.4.2 Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
10.4.3 Human Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

10.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
10.5.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
10.5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

10.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

10.6.1 Hallucinations in GPT-MT . . . . . . . . . . . . . . . . . . . . . . . . . 171
10.6.2 Template-like explanations in e-SNLI . . . . . . . . . . . . . . . . . . . 171
10.6.3 Plausible but “incorrect” answer options . . . . . . . . . . . . . . . . . 172
10.6.4 Uninformative “refute” answers . . . . . . . . . . . . . . . . . . . . . . 173

11 Paper V 177
11.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 177
11.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179

11.2.1 Self-Rationalising Models . . . . . . . . . . . . . . . . . . . . . . . . . . 179
11.2.2 Faithfulness Versus Understandability . . . . . . . . . . . . . . . . . . 179

11.3 Properties of Explanations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
11.3.1 Incompleteness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181
11.3.2 Subjectivity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182
11.3.3 Misleading Explanations for Incorrect Labels . . . . . . . . . . . . . . 182
11.3.4 Illustrative Elements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

11.4 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183
11.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183
11.4.2 Questionnaire . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

11.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
11.5.1 Presence of Explanations (Q1 and Q2) . . . . . . . . . . . . . . . . . . . 184
11.5.2 Properties of Explanations (Q3–Q6) . . . . . . . . . . . . . . . . . . . . 186

11.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186
11.6.1 Properties . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187
11.6.2 Limitations of our Method . . . . . . . . . . . . . . . . . . . . . . . . . 187
11.6.3 Implications for Different Goals . . . . . . . . . . . . . . . . . . . . . . 188

11.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190
.1 Full Questionnaire . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

.1.1 Instructions for Annotators . . . . . . . . . . . . . . . . . . . . . . . . . 197
.2 Examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

.2.1 Commonsense Concepts . . . . . . . . . . . . . . . . . . . . . . . . . . 198

.2.2 Selectivity (Q3) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

.2.3 Subjectivity (Q4) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

.2.4 Illustrative Elements (Q5) . . . . . . . . . . . . . . . . . . . . . . . . . 200

.2.5 Misleading Explanations for Incorrect Labels . . . . . . . . . . . . . . 200

x



List of Figures

2.1 Overview of ELMos architecture. Figure by Devlin et al. (2019). . . . . . . . . . . . 11
2.2 Example for MLM prediction: The word language is predicted by the BERT model

based on its surrounding words. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.3 Comparison of the high-level architectures of BERT and GPT-3: The constrained

multi-head self-attention of the Transformer decoder caps the connections to the
preceding tokens in GPT-2. Figure by Devlin et al. (2019). . . . . . . . . . . . . . . . 14

2.4 The three steps of aligning an LLM: Instruction fine-tuning, training the reward
model, and reinforcement learning. Figure taken from Ouyang et al. (2022). . . . . 15

3.1 Syntax tree recovered from BERT representations with a structural probe. Example
by Hewitt and Manning (2019). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.2 Results from Blevins et al. (2018), with a probe on a dependency paring and a
semantic role labelling model that exposes a hierarchy of tasks: Part-of-speech
information peaks first, then syntactic parents, and then syntactic grand- and great-
grandparents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.1 An example for a feature attribution-based explanation in the masked language
modelling task, highlighting the most relevant tokens for predicting the masked-out
token. The missing word in this example is live. Created with AllenNLP Interpret
(E. Wallace et al. 2019b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2 Example for a deductive explanation: A constrained METGEN (Hong et al. 2022)
tree for science question answering. The question in this example was: How might
eruptions affect plants?, the answer, as shown in green in the figure: Eruptions can cause
plants to die. Orange denotes facts; blue intermediate conclusions. Figure adapted
from Hong et al. (2022). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.3 Graphical representation of the categorisation proposed by Hase et al. (2020). x is
the input, y the output and e the explanation. Figure by Hase et al. (2020). . . . . . 39

7.1 Neighboring word identity probes: Results for BERT . . . . . . . . . . . . . . . . . . 90
7.2 Restrictions on BERT-based models for label (above) and head-dependent pair (be-

low) prediction, trained with representations from the uncontextualized layer BERT-0
and on BERT-6. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

7.3 Restrictions on ELMo-based models for label prediction, trained with representations
from the uncontextualized layer ELMo-WE and the best performing layer BERT-1,
as well as an “inflated” version of ELMo-WE that has the same dimensionality as
ELMo-1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

8.1 Extrapolation based on sentence length. From left to right: part-of-speech tagging
(T1), linguistic criterion; dependency labelling (T2), linguistic; T1, distributional
criterion; T2, distributional. In all plots, the x-axis corresponds to the BERT layer
used for prediction, and the y-axis corresponds to the mean accuracy. . . . . . . . . 112

xi



8.2 Extrapolation based on arc length. Left: Standard distributional setup. Right: Modi-
fied setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

8.3 Extrapolation for T1 based on the most frequent tag (left) and tag proportions criteria
(right). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

8.4 Extrapolation based on speed of learning. Left: Tagging (T1). Right: Dependency
labelling (T2). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

8.5 Extrapolation based on loss. Left: Tagging (T1). Right: Dependency Labelling (T2). 115

9.1 Heatmaps illustrating our results for syntactic parent (P) and grandparent (GP)
prediction (BERT-base, en, layers 1–12): Global metrics peak in middle layers. Local
contributions are concentrated in early layers. (Darker shades indicate higher values.)128

9.2 Part-of-speech tagging, global (a–b) and local (c–d) metrics on the English data. Solid
green line: non-MFTs, dotted orange: MFTs, dashed blue: full development set (all
tags). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

9.3 As opposed to en BERT and the other four models, for cs and tr, the scores on MFTs
in GCP drop more over the layers than those for non-MFTs. . . . . . . . . . . . . . . 136

9.4 For cs and tr BERT, the LCP plots exhibit a pattern that deviates from that we observe
for en BERT: They do not decrease steadily. . . . . . . . . . . . . . . . . . . . . . . . 136

9.5 Ancestors prediction, LCP: fi shows a later peak for grandparents (orange), while tr
BERT’s curves show a similar pattern for both tasks. . . . . . . . . . . . . . . . . . . 137

9.6 POS Experiments. Orange: MFT; green:  MFT; blue: all. . . . . . . . . . . . . . . . 146
9.7 Ancestors Experiments. Blue: P; orange: GP. . . . . . . . . . . . . . . . . . . . . . . . 148

10.1 Experimental setup for training (upper half) and testing (lower half) on gold versus
generated explanations as a causal graph (Pearl 1995). Itrain, Idev, Etrain, Ltrain and
Ldev are the inputs, explanations and labels from the train and dev set, respectively.
Egen are generated explanations from the GPT-models, M is the BERT classification
model, Lpred are the labels predicted by M. All variables affected by the intervention
on Etrain are marked with a red border line. . . . . . . . . . . . . . . . . . . . . . . . 156

11.1 Distribution of the categories defined in Section 11.4.1 in the evaluation set. . . . . 184
11.2 Comparison of the yes-answers the three annotators (A1, A2, A3) for Questions Q1

(“Does the output contain an explanation for the prediction?”) and Q2 (“Would
you give an explanation/justify your reasoning if you were asked this question by a
friend?”). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

xii



List of Tables

2.1 Architecture, number of parameters and training data size for the LLMs used in our
experimental work. For GPT-4, there is no official data available. . . . . . . . . . . 11

7.1 ELMo Results: Word Identity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

9.1 Part-of-speech tagging tasks. The numbers give the layer of maximum score across
metrics and languages. Bold marks the task (MFT or  MFT) that is higher in the
hierarchy induced by the model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

9.2 Syntactic ancestors prediction tasks. The numbers give the layer of maximum score
across metrics and languages. Bold marks the task (P or GP) that is higher in the
hierarchy induced by the model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

9.3 Part-of-speech tagging tasks: Contribution of layer 1, 1 + 2 and 1 + 2 + 3 to the
overall performance of the probe. Bold marks the task (MFT or  MFT) that is is
higher in the hierarchy induced by the model (smaller contribution of the lower layers).137

9.4 Syntactic ancestors prediction tasks: Contribution of layer 1, 1 + 2 and 1 + 2 + 3 to
the overall performance of the probe. Bold marks the task (P or GP) that is is higher
in the hierarchy induced by the model (smaller contribution of the lower layers). . 138

10.1 Overview of our classification setups. The table indicates the source of the explana-
tions that the model is trained and tested with. . . . . . . . . . . . . . . . . . . . . . 156

10.2 BERTScores (F1) for the single-task (GPT-ST) and multi-task (GPT-MT) models. . . 157
10.3 Surface features: average word and character length, vocabulary size and vocabulary

overlap with gold explanations for each set of explanations (dev. set). . . . . . . . . 158
10.4 Results for the classification models, macro-averaged F1 scores. . . . . . . . . . . . 159
10.5 Results for the classification models, accuracy. . . . . . . . . . . . . . . . . . . . . . . 159
10.6 Human evaluation: average share of yes answers across all samples that were not

flagged as invalid. The numbers in parentheses show Krippendorf’s α (n = 3,
interval from �1 to +1) for inter-rater agreement. . . . . . . . . . . . . . . . . . . . . 160

11.1 Samples that received at least two yes-Answers from the raters for Questions Q1 and
Q2 as well as the average output length in tokens. . . . . . . . . . . . . . . . . . . . 185

11.2 Samples that received at least two yes-Answers from the raters for Questions Q3–Q6.
Total is number of explanations for the category (as reported via Q1). . . . . . . . . 186

xiii





Part I

Introductory Summary

1





1 Introduction

This chapter includes the motivation behind the work in this thesis (Section 1.1), its
scientific contributions (Section 1.2) and its delimitations (Section 1.3), as well as an
outline of the thesis structure (Section 1.4).

1.1 Motivation

Over the course of the recent five to seven years, large language models (LLMs) have
become almost inevitable in natural language processing (NLP). LLMs are huge neural
networks with many millions or billions of parameters that learn to represent language
by predicting words from their context. By being trained on large amounts of texts and
making such predictions of words billions of times, LLMs learn to capture fine-grained
statistical information about language. These features have proven proven useful for
almost all kinds of downstream applications that are currently of interest in NLP. LLMs
are even applied to syntactic tasks but stand out in particular for natural language
understanding (NLU) tasks that depend on complex interactions between words
and sentences, as well as on commonsense facts about the world we live in. Many
NLU benchmarks that were once considered challenging, such as extractive question
answering (Rajpurkar et al. 2016)1 and the recognition of textual entailment (A. Wang
et al. 2019)2, can now be seen as solved: Current models regularly surpass human
performance, although it is important to emphasise that the models perform well

1https://rajpurkar.github.io/SQuAD-explorer/; last accessed 21/2/2024.
2https://super.gluebenchmark.com/leaderboard; last accessed 21/2/2024.
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on benchmarks rather than real-world tasks, and that the validity of human-to-system
comparisons has been challenged (Tedeschi et al. 2023).

The popularity of LLMs comes from performance gains in many tasks, but also from
the fact that they make careful feature engineering obsolete as they already appear to
contain a lot of useful syntactic, but also semantic information. This broad applicability
has brought the first LLMs such as ELMo (Peters et al. 2018) and BERT (Devlin et al.
2019) wider media attention. In 2018, The New York Times wrote in an article about
BERT that “computer systems can learn the vagaries of language in general ways and then
apply what they have learned to a variety of specific tasks.”3. The article even noted BERT’s
human-like performance on a commonsense reasoning task.

More recently, the focus has shifted towards generative LLMs such as GPT-4 (OpenAI
2023) and Llama 2 (Touvron et al. 2023). These models do not only solve classification
and labelling tasks but can generate coherent text for a wide range of user prompts.
The largest of these models can do so even without adaption to the specific task or
with only few or no task-specific examples (Brown et al. 2020; Chowdhery et al. 2022).
With the arrival of easy-to-use conversational interfaces such as OpenAI’s ChatGPT,
Google’s Bard and Anthropic’s Claude, generative LLMs have been widely adopted
even by non-NLP people. In a survey of university students in Sweden, Malmström et
al. (2023) report that 63% of the respondents report to use ChatGPT at least occasionally,
and only 5% are completely unfamiliar with it. While sampling bias may apply, and
university students may be more likely to adopt new technologies than the general
population, this nonetheless indicates that LLMs are impacting society more and more,
with no end in sight.

As LLMs are adopted by broader parts of the population and for an increasing number
of use cases, it is crucial to understand how they work and what they have learned.
However, much of the nature of the features that LLMs encode remains unclear even
to NLP experts. Neural network-based models in general, and LLMs in particular,
are opaque. Their size and complexity make a complete, fine-grained understanding
of the internal processes infeasible. For this reason, they have unexpected failure
modes (Bommasani et al. 2021; Mittelstadt et al. 2019). This affects the users’ trust
in a system and the ability of operators to know when it is a good idea to give a
system control (Lipton 2018), but also the developer’s possibilities to improve it as a
limited understanding of models also hinders hypothesis-driven progression (Rogers
et al. 2020). Without knowledge about what features a model relies on, it is also hard
to assess how fair and ethical its decisions are (Miller 2019). It also leaves open the
question of the true capabilities of current NLP models: The great performance on
many tasks could be (and in some cases has been) attributed to statistical cues and
biases in the data sets instead of models performing the reasoning that we hope it
to do. Besides developing more challenging tasks and data sets, we also need more
insights about the LLMs’ inner workings in order to get a more robust understanding.

For these reasons, an increasing effort within the NLP community is spent on the
interpretability and explainability of LLMs. Interpretability methods help to develop a

3https://www.nytimes.com/2018/11/18/technology/
artificial-intelligence-language.html; last accessed 15/2/2024.
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higher-level understanding of the LLMs’ internal representations and test hypotheses
about their inner workings. Explainability methods showcase (actual or potential)
reasons that led to specific predictions.

While many ideas, approaches and framings of interpretation techniques pop up, their
methodology remains largely explorative. Oftentimes, the approaches are limited
to very focused areas, or build up on cherry-picked examples. A more systematic,
rigorous and interpretable approach to interpretability is needed for faithful, reliable
insights. In this thesis, I present our work on these issues: on better understanding the
contributions of current interpretability and explainability methods, and on making
them more rigorous. I argue that such approaches, paired with an understanding of
the models’ architecture, learning objective(s) and training data, can lead us to a level
of understanding that allows us to predict the models’ behavior and outputs of future
tasks. In short, the goal is to demystify LLMs.

1.2 Contributions

This thesis is divided into two parts, which represent two complementary approaches
to better understanding LLMs and their decision-making process: interpretation and
explanation. As those approaches contribute to different subgoals of explainable NLP
and use different methods, I will first introduce and discuss them separately, before
bringing them together again in Chapter 6, where I will discuss how the combination
of both approaches helps us to understand the bigger picture of how LLMs work.

1.2.1 Interpretation

In the first part of this thesis, I investigate how linguistic information is structured
within the model by focusing on the roles that the internal representations at the
various layers of the models play. This gives us an improved understanding of the
model on a global level: We get to understand how the model as a whole represents
language. We aim to answer the following research questions:

1. What limitations do currently popular interpretation techniques and explanation
mechanisms have? How can we assess and expose the weaknesses of such
mechanisms?

2. How can interpretation methods be improved so that they are more faithful,
more reliable and better suited to draw conclusions about what the language
representations encode and how information is structured within the models?

To answer these questions, our work assesses, improves, and develops the interpreta-
tion methodologies. It focuses on a popular interpretability tool that is called a probing
classifier. A probing classifier is a tool that learns to predict linguistic properties from
the internal representations of LLMs and other neural network-based models. An
important but non-trivial distinction is if the classifier learns the probing task from the
data it is trained on, either based on memorisation or on contextual patterns, or if it
extracts relevant linguistic information that is encoded in the LLM’s representations.

5
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Popular interpretation methodologies are questioned and theoretically and empirically
tested on whether they really reveal what they intend. In Paper I, Classifier Probes
May Just Learn from Linear Context Features, we develop a framework that exposes that
an important assumption made in previous work does not hold neither logically nor
empirically, namely, that if we feed the representation of one word at a time to the
probing classifier, it does not have sufficient contextual information to learn the task.
We show that information about each word’s surrounding context is extractable from
its own representation with impressive precision, and that none of the baselines or
restrictions commonly used in the literature can disprove the hypothesis that it is
only linear context information that enables the probing classifier to learn the task.
In conclusion, common probing methodologies are unable to differentiate between
learning the task and extracting relevant features.

Based on our findings from Paper I, we increase the restrictiveness of the probing
setup in Paper II Test Harder than You Train: Probing with Extrapolation Splits. Instead of
evaluating the probe on a similar distribution to the one it was trained on, we create
extrapolation splits: We define a set of criteria to rank the difficulty of data samples,
and use only the simpler samples for training and the harder samples for evaluation.
As machine learning models, of which the probing classifier is an instance, typically
only succeed in an interpolation setup, we argue that success in the extrapolation
setup is a sign that the probing classifier decodes task-specific linguistic properties from
the representations rather than learning the task.

In Paper III, Where Does Linguistic Information Emerge in Neural Language Models? Mea-
suring Gains and Contributions across Layers, we overcome the problems that we iden-
tified in Paper I with new metrics that provide a new perspective on the structure
of information within models. Instead of comparing the probing classifier’s results
on a specific layer to a global baseline, we focus on local gains: That is, how much
information the representation at this layer contains that the representation of the
preceding layer did not contain. We show that this perspective changes the focus for
syntactic tasks from the middle layers, where the overall performance is highest, to
the first layers, where most new information emerges.

1.2.2 Explanation

In the second part of this thesis, I will turn to models that explain their own individual
predictions, so-called self-rationalising models. I focus on models that generate those
predictions in free text as this form is both easily understandable to various user
groups and applicable to many kinds of NLP tasks. As those generated explanations
are however not (necessarily) faithful to the predictions but generated by an opaque
model themselves, our work aims to better understand their properties. In particular,
it focuses on the relation between various, partially conflicting goals of explainable
NLP: That the explanations should provide us with insights about the LLM’s true
prediction process, guide the LLM itself in its predictions, but also be understandable
and useful to different users, such as non-technical end users, but also developers.

In this part, our work investigates the following research questions:
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1. How does the utility of explanations to a downstream model align with the
human perception of the explanations?

2. Which properties of human explanations does an LLM adopt and how do these
relate to different goals of explainable NLP?

These questions are investigated in two papers that are centred around human evalua-
tions of LLM-generated explanations.

In Paper IV, Human Ratings Do Not Reflect Downstream Utility: A Study of Free-Text Ex-
planations for Model Predictions, we answer the first question by comparatively training
models with different pipeline architectures and performing human evaluations on
them. We show that a crucial difference is that a downstream model by tendency ben-
efits from the inclusion of novel (input-external) information in the explanation, even
if the information in many cases is factually incorrect, while human raters however
punish factual incorrectness decisively.

In Paper V, Properties and Challenges of LLM-Generated Explanations, we perform a
human evaluation on an LLM’s outputs for a diverse dataset. We annotate the data for
known properties of human explanations, specifically such that have been pointed
out as disadvantageous for explainable NLP. We find that the LLM explanations are
often incomplete and contain illustrative elements, but are rarely subjective and rarely
misleading, but that the latter two findings are highly dependent on the model and
dataset that we use. We connect the observed properties with different goals and user
groups of explainable NLP, showing that all of the properties can have positive or
negative implications depending on the use case.

1.3 Delimitations

The aim of this thesis is not to develop fully interpretable language models where
the internal decision steps can be understood in detail. Classical explainable artificial
intelligence methods such as sparse representations, few learnable parameters, or
decomposability are not considered. I accept the dense and generally opaque nature
of the currently most successful representations and explore and develop methods to
understand their properties better. The understanding I aim at is at a relatively high
level. While the methods used may help to predict the success and failure cases of
models, and add context for human users when making decisions, they do not make
the model a reliable basis for high-stake decisions without a human expert in the loop.

1.4 Reading Guide

This thesis assumes its readers to have a basic understanding of machine learning and
natural language processing concepts. It does not require a deep technical understand-
ing of current models; I introduce them at the level of details that is needed to follow
our work.

Outline. This thesis is written in form of a compilation. The original research
conducted as part of this thesis is described in the five articles found in Part II, in their
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published (Paper I–IV) or submitted (Paper V) form. Part I, the introductory summary
(kappa), provides a more comprehensive background, a broader overview of relevant
literature and a more extensive discussion of the methodologies that are the basis of
our own work. The kappa is structured as follows:

• In Chapter 2, I give readers an overview of the field of language representation
learning. In particular, I introduce the three types of representations that our
papers build on: the recurrent neural network-based ELMo, the Transformer
encoder-based BERT and the family of Transformer decoder-based GPT models.
As those models are widely known in the NLP community, readers with this
background may skip this chapter.

• In Chapter 3, I introduce interpretation techniques that are designed to assess
what is learned by the LLMs. I briefly introduce a broader set of methods to
position our contributions in the field as a whole but focus on probing classifiers
that are the method used in our own work.

• In Chapter 4, I introduce work on generating and evaluating explanations in
NLP. I start with an overview of the types of explanations that exist in NLP but
focus on free-text explanations that are used our work.

• Our contributions to the fields of interpretability and explainability are then
summarized in Chapter 5, where I give an overview of the findings of the papers
that this thesis contains and relate them to each other. I also introduce further
papers I contributed to during my time as a PhD student.

• Chapter 6 concludes this thesis with a final summary and discussion of our
contributions as well as my view on the future of the field.

Throughout the thesis, I use the pronoun I when referring to the writing of this kappa.
Whenever referring to work done with collaborators, I use we.
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2 Language Representation
Learning

The object of study of this thesis are LLMs, the currently most dominant type of neural
language representations in academic NLP. In this chapter, I give an overview of the
fast progress in language representation learning over the past ten years.

Language representation models automatically identify and organize re-usable in-
formation from text corpora to build a representation of natural language. Those
representations can be built either for internal use in the model itself based on the
task-specific dataset that this model is trained on (Section 2.1) or from unlabelled data
for the transfer to various models (Section 2.2) or tasks (Section 2.3). The most weight
will lie on the latter representations, as the LLMs that we study in our experiments
are instances of those. The development of interpretability techniques was however
already taking off in the context of pre-LLM neural models and word embeddings, as
we will discuss in Chapter 3. After having introduced the models, I will conclude the
chapter by discussing some crucial limitations of current LLMs in Section 2.4.

2.1 Neural Network Language Representations

In NLP, neural networks gained broad popularity in the middle of the last decade.
It was recurrent neural networks (RNNs; Elman 1990), and long short-term memory
networks (LSTMs; Hochreiter and Schmidhuber 1997) in particular, that first led
to major performance improvement on many tasks. The sequential nature of these
architectures was a natural fit for language data, which is also generated and processed
sequentially by humans. In addition to performance gains, neural networks dispensed
with the need for manual feature engineering and hand-crafted pipelines by building

9



2. LANGUAGE REPRESENTATION LEARNING

up their own internal language representation. In the pre-neural era, even shallow
tasks like syntactic dependency parsing relied on a large set of features, such as part-
of-speech (POS) tags of the current tokens themselves and surrounding tokens, and
various distance- and direction-based features. Finding the best set of features was an
important and time-consuming part of parser engineering. Kiperwasser and Goldberg
(2016) in their influential parser use a bidirectional LSTM encoding to represent a
token in its context, and base the representation only on word forms and POS tags,
and let the LSTM encoder do the rest. But even POS tags were no longer a crucial
advantage for syntactic parsing, giving at most a slight performance gain (Dozat et al.
2017; Lhoneux et al. 2017). Given enough training data, the models can operate on
raw text without helper systems, and achieve similar accuracy to highly engineered
models. A similar transformation happened in many other tasks, with an important
source of influential new ideas being machine translation that brought along RNN-
based sequence-to-sequence approaches (Sutskever et al. 2014), attention (Bahdanau
et al. 2015), and finally the Transformer architecture (Vaswani et al. 2017) that is the
currently most widely adapted base model in NLP. Learning to encode a word with
the task-specific data set, and to contextualize it, with a neural model proved to be a
very successful representation for language. But while this is a form of feature learning
to get a model-internal language representation, such representations are still trained
task-specifically (although the word representation architecture can be shared among
many tasks), and usually are not transferred to other purposes.

2.2 Word Embeddings

At the same time as neural networks were popularized in NLP, word embedding (WE)
models appeared as widely used general-purpose word representations. They build
one static vector for each word form based on its immediate contexts occurring in an
unannotated corpus, using a simple word prediction task based on the context words
or on a dimensionality-reduced co-occurrence matrix. Popular examples are Turian
embeddings (Turian et al. 2010), GloVe (Pennington et al. 2014) and the word2vec
models (Mikolov et al. 2013b). Word embeddings can be applied to basically every
NLP task and in any machine learning model. Using them improved the neural
network performance on many tasks due to their richer, self-supervised representation
of words, in particular on tasks with limited data that is not sufficient for the model to
build its own rich language representation.

2.3 Contextualized Language Representations

While the word embeddings described in Section 2.2 were used as the input to other
neural network-based models, large contextualized language representations trans-
formed the field and how models are built fundamentally. Pre-trained on huge
amounts of unlabelled text data and with rapidly increasing model sizes, such a model
can with a relatively modest effort be adapted to various kinds of unforeseen tasks.
The step of adapting such a model with task-specific data in a second, substantially
shorter training phase is called fine-tuning. For many tasks, they easily outperform
previous neural network models trained from scratch. As Bommasani et al. (2021)
note, "the field of NLP has become largely centred around using and understanding foundation
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Figure 2.1: Overview of ELMos architecture. Figure by Devlin et al. (2019).

models". Few pre-trained models are re-used and examined tens of thousands of times,
with the BERT model currently (as of February 2024) having almost 100,000 citations
on Google Scholar.

Contextualized language representations are largely congruent with LLMs. While
the latter term is more often used for generative models, I adopt the definition of
Luccioni and Rogers (2023) which states that LLMs are neural network models that
process and generate text, that have been trained on at least one billion words, and that
make inference based on transfer learning. While there are contextualized language
representation that do not fulfill the data requirements of this definition, we see in
Table 2.1 that all of the language representations that were used in the experiments for
this thesis project fulfill it. I will therefore use the term LLMs interchangeably.

Model Architecture Objective #Params Training Data Papers

ELMo BiLSTM Autoreg. LM 94M 1B Words I
BERTbase Tf. Encoder MLM / NSP 110M 3.3B Words I–IV
BERTlarge Tf. Encoder MLM / NSP 340M 3.3B Words -
GPT-2 Tf. Decoder Autoreg. LM 1.5B 9B Tokens IV
GPT-3 Tf. Decoder Autoreg. LM 175B 300B Tokens -
GPT-4 ? ? ? ? V

Table 2.1: Architecture, number of parameters and training data size for the LLMs
used in our experimental work. For GPT-4, there is no official data available.

2.3.1 ELMo

The autoregressive language model ELMo (Peters et al. 2018) was, along with ULMFiT
(Howard and Ruder 2018), one of the first contextualized word representation that was
widely adopted in the NLP community. ELMo is intended and mostly used as a word
representation in a downstream model. In contrast to the representations introduced
in Section 2.2 however, the representation is a function of the entire input sentence
rather than of a word.
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ELMO is based on a bidirectional LSTM (Hochreiter and Schmidhuber 1997) consisting
of a forward and a backward language model that predicts the next (respectively the
previous) token conditioned on the LSTM accumulation of the preceding (respectively
the future) tokens, maximizing the log-likelihood of both directions. For a sequence of
N tokens (t1, t2, . . . , tN) and the parameters Θx of the token representation, ÝÑΘ LSTM of
the forward-pass LSTM predicting from the left-side context,ÐÝΘ LSTM of the backward-
pass LSTM predicting from the right-side context, and Θs of the softmax layer, ELMo
maximises:

Ņ

k=1

( log p(tk | t1, . . . , tk�1; Θx,ÝÑΘ LSTM, Θs)

+ log p(tk | tk+1, . . . , tN ; Θx,ÐÝΘ LSTM, Θs) ) .

ELMO has a character-based word representation layer with 512 dimensions and 2
bi-LSTM hidden layers with 1,024 units. The token representation commonly used
in downstream tasks is either the top layer or a task-specific weighted sum of the 3
internal layers of the LSTM. In the latter case, the weights for each layer are learned by
the downstream model, while the parameters of the layers themselves remain frozen.

ELMo is trained on the One Billion Word Benchmark, a sentence-level English-
language dataset in the news domain with, as the name says, approximately one
billion words (Chelba et al. 2013).

2.3.2 BERT

BERT (Devlin et al. 2019) is based on a Transformer model’s encoder (Vaswani et al.
2017) that contextualizes the word representations with multi-head self-attention and
fully connected layers. Its architecture became the basis of many more Transformer-
based language representations. Transformers proved to be more successful than
other architectures like RNNs because they scale up to very deep models and the self-
attention makes them more successful at catching long-range interactions of tokens
(Bommasani et al. 2021).

After the input to the BERT model is tokenised, the embedding of the token itself
is enriched with an encoding of its position in the input span, as the Transformer
architecture does not natively model word order, and an encoding indicating which
sentence the token belongs to, as BERT can process up to two sentences at a time.
The standard BERTbase model consists of 12 layers, while the BERTlarge model has
24 layers. The core components of each layer are a multi-head self-attention module
and a fully connected layer. The self-attention module provides the representation
with context, as it aggregates information from the embeddings of the whole input
sequence. This is done multiple times in parallel (12 times in the case of BERTbase; 16
times for BERTlarge) to be able to capture richer features from the representations (thus
multi-head self-attention). The scores of each head are then combined before they are
propagated to the fully connected layer. A high-level illustration of the architecture
can be found in Figure 2.3.
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Figure 2.2: Example for MLM prediction: The word language is predicted by the BERT
model based on its surrounding words.

BERT is pre-trained with two objectives: The Masked Language Model (MLM) ran-
domly replaces some input tokens with a special MASK token, with the objective of
predicting the vocabulary ID of the original token at that position. Figure 2.2 shows an
example of such a prediction. This approach naturally includes both left and right con-
text. The Next Sentence Prediction (NSP) objective makes BERT learn the relationship
between two sentences by predicting if the second sentence is following the first one
in the original document or not. A special token ([CLS]) is added for the NSP objective,
which can also be used for other downstream classification tasks.

The MLM objective and the self-attention mechanism allow BERT to jointly condition
the representation on the right and left context of a token, unlike ELMo that models
them with two separate LSTMs. BERT thus optimises a simpler expression than ELMo.
For N tokens (t1, t2, . . . , tN) and the learnable parameters Θ, we get:

N

k=1

log p(tk t1, . . . , tk 1, tk+1, . . . , tN ; Θ)

BERT is trained on two corpora: the BooksCorpus (Zhu et al. 2015), consisting of books
with 800 million words, and English Wikipedia, consisting of 2.5 billion words.

2.3.3 GPT-2

The GPT model family consists of autoregressive LLMs based on the decoder part
of the Transformer architecture. In contrast to the Transformer encoder that is the
architecture of BERT, the decoder is designed for text generation. Therefore, it computes
constraint multi-head self-attention scores that are only based on the context on the
left of the token that is to be predicted. The effect of this constraint, as compared to
BERT’s Transformer encoder architecture, can be seen in Figure 2.3.

The conditioning on the left context only gives us the following formula (again, for a
sequence if N tokens (t1, t2, . . . , tN) and the parameters Θ):

N

k=1

log p(tk t1, . . . , tk 1; Θ)
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Figure 2.3: Comparison of the high-level architectures of BERT and GPT-3: The
constrained multi-head self-attention of the Transformer decoder caps the connections
to the preceding tokens in GPT-2. Figure by Devlin et al. (2019).

GPT-2’s architecture and objective were introduced for the original GPT model by
Radford et al. (2018). Its successor, GPT-2 (Radford et al. 2019), was the last GPT model
with a full public release of the parameters. There are GPT-2 models in four different
sizes, with the smallest one, like BERT, consisting of 12 layers and 12 self-attention
heads, and the largest of 48 layers and 25 attention heads.

GPT-2 is trained on the WebText corpus that is also introduced in Radford et al. (2019).
WebText is a scrape of outbound links from the internet forum Reddit. Radford et al.
(2019) state that it contains approximately 8 million documents, and 40 gigabytes of
text. While the original dataset is not shared and the exact number of training tokens
therefore unknown, there exists an open replication by Gokaslan et al. (2019) which
has 9 billion tokens.

2.3.4 GPT-3

GPT-3 (Brown et al. 2020) adopts GPT-2’s architecture and objective, but it represents
an enormous upscaling, growing from (at most) 1.5 billion to 175 billion parameters
for the largest of the 8 GPT-3 models. The 175 billion parameters are spread over 96
layers, and the model has 128 attention heads.

The most groundbreaking property of GPT-3 is the ability to do few-shot learning, also
called in-context learning: To adapt the model to a new task, no parameter updates are
necessary; providing a limited number of task demonstration examples in the input is
sufficient. Some success is even reported for one-shot and zero-shot transfer where only
one or no demonstration example is provided to the model when solving a new task.
It appears that, with sufficient scale, autoregressive pre-training is sufficient to infer
the structure of many tasks. It also improved the performance over smaller models.
However, it is well-documented that the training corpus of GPT-3 has a significant
amount of contamination with common benchmark tasks (Brown et al. 2020; Dodge
et al. 2021), which has a measurable effect on the performance of models (Magar and
Schwartz 2022). Therefore, comparisons have to be done with caution.
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Figure 2.4: The three steps of aligning an LLM: Instruction fine-tuning, training the
reward model, and reinforcement learning. Figure taken from Ouyang et al. (2022).

The training corpus for GPT-3 has 300B tokens and consists of is a filtered version of
the web archive corpus CommonCrawl (Raffel et al. 2020), WebText2 (an expanded
version of the GPT-2 training set), two internet-based corpora named Books1 and
Books2 (with no further details released), and English-language Wikipedia.

2.3.5 GPT-3.5 and GPT-4

GPT-3.5 and GPT-4 (OpenAI 2023) are, as the names imply, the successors of GPT-3,
and the base of the now-famous ChatGPT model. They have greatly improved zero-
shot capabilities compared to GPT-3, probably due to instruction fine-tuning (IFT; Wei
et al. 2021) and reinforcement learning from human feedback (RLHF; Ouyang et al. 2022).
Those techniques can teach a model to better follow instructions and align them with
the users’ expectations. After the general language modelling pre-training phase, the
model is fine-tuned on a supervised dataset containing a diverse set of instructions
and demonstrations of desired model behaviours. With a sufficiently diverse set of
tasks in the instructions, the model’s performance is increased even on tasks unseen
during IFT (Wei et al. 2021). In the RLHF step, human ratings of model outputs are
used as a reward signal to the model. A reward model is trained on human rankings
of multiple output candidates, which is then used to train the model via reinforcement
learning. An overview of the process as introduced in the OpenAI’s InstructGPT paper
(Ouyang et al. 2022) is given in Figure 2.4. The whole process is also called alignment,
as it does not only improve the zero-shot performance of the model but also aligns its
outputs better with human expectations.

However, which techniques are used for GPT-3.5 and GPT-4 is speculative. While key
information about the GPT-3 model, like the type and amount of the training data
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and the model architecture, was still published, for the following models there is no
reliable data available.

2.4 Limitations of Large Language Models

While LLMs have impressive coverage and adaptability, they continue to have fun-
damental limitations. When the task at hand is specialised and a sufficient amount
of training data is available, it is often preferable to use a smaller, specialised model
rather than a very large general-purpose model. One obvious reason is that the infer-
ence costs are substantially lower, but fine-tuning a smaller model may also result in
better performance. The paper Jack of all Trades, Master of None by Kocoń et al. (2023)
shows that the GPT-3.5-based ChatGPT model is often outperformed by task-specific
fine-tuned models.

While this factor may change at any moment, there are more systematic limitations
inherent to LLMs that I will summarise in this section: The generalistion capabilities,
hallucinations, and the aspects of meaning they can capture. All of those limitations
also relate to the lacking interpretability of the models. They show us that our under-
standing about (and control of) how LLMs model language and knowledge, and how
they solve specific tasks, is still limited.

2.4.1 Generalisation

The ability to generalise, that is, to transfer representations, knowledge and strategies
to new tasks, is a key goal of machine learning (Hupkes et al. 2022). Yet, LLMs have
deficiencies in various types of generalisation.

They are prone to overly relying on superficial cues and annotation artifacts from the
dataset when making predictions. In the famous paper Right for the Wrong Reasons:
Diagnosing Syntactic Heuristics in Natural Language Inference, T. McCoy et al. (2019)
introduce an evaluation set for the sentence-level entailment prediction task NLI with
examples where simple syntactic heuristics fail. While BERT on average performs
better than the other three models that are trained from scratch, the performance is
still poor compared to the standard evaluation set, indicating that even BERT relies
too much on shallow heuristics rather than learning proper generalizations. The
generalization problem is also addressed by Niven and Kao (2019). They apply BERT
to an argument reasoning comprehension task and reach 77%, which is almost human
performance and should the authors’ view not be possible without supplying world
knowledge. However, thet show that BERT relies largely on very simple statistical
cues like unigrams and bigrams. As in the previously mentioned work however, this
applies even stronger to models trained from scratch. They create an adversarial
dataset by negating the claim and inverting the label of each data point, with the
result that BERT performs only slightly above the random baseline. E. Wallace et
al. (2019a) create adversarial examples with simple modifications of the inputs that
change the prediction for several tasks and models including ELMo and GPT-2. The
adversarial modifications let the performance drop substantially. Similarly, Hsieh
et al. (2019) employ five different strategies for developing adversarial examples that
could mislead neural models but not humans and find out that Transformer and BERT
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models are less sensitive to them than recurrent models. Building on such works,
Ilyas et al. (2019) argue that adversarial vulnerability is a natural consequence of the
supervised paradigm. Models are trained on standard datasets containing signals that
are incomprehensible to humans but highly predictive for the given dataset, which
they call non-robust features. They emphasise the need to include human priors at
training time to align the models with human expectations, and to make them robust
and interpretable.

Larger LLMs have become less reliant on specific properties of the dataset as the
need for fine-tuning with extensive task-specific datasets that may contain annotation
artifacts has decreased. However, they are still heavily reliant on the presence of similar
text in the pre-training data. R. T. McCoy et al. (2023) show that for exactly the same
task, high-probability input or output sequences lead to much higher performance than
equivalent low-probability sequences. For example, for linear functions, functions that
occur often in text data because they e.g. are used for Celsius-to-Fahrenheit conversion
lead to much more accurate results than a very similar function that uses only slightly
different numbers in the same tasks. Sun et al. (2023) show that instruction-tuned
LLMs are sensitive to instruction phrasing: They considerably drop in performance
even with slight variations of the instructions, indicating that even the most advanced
LLMs still struggle heavily with generalisation.

2.4.2 Hallucinations

The term hallucinations refers to information that is made up by the LLM. Coined in
the field of neural machine translation (K. Lee et al. 2018) and subsequently adapted
to abstractive text summarisation (Maynez et al. 2020), the term was originally used
for information that is not faithful to the input document: The translation or the
summary contain information that has not been present in the original text. Today
however, it is frequently applied broadly in the field of text generation, referring
to the inclusion of unintended information in general, such as factually incorrect or
irrelevant information (Ji et al. 2023). As LLMs often operate in contexts where there is
no single input document that the generated text should be closely aligned with, it is
harder to define or detect a hallucination. It is however a common observation when
working with LLMs that the output is plausible, but does not align with the real world.
A hallucinated, i.e. factually incorrect, answer can even come with a hallucinatory
explanation, a potentially plausible-sounding defense of such a statement (Augenstein
et al. 2023).

Hallucinations are a major problem of LLMs not only because they decrease the
performance of a system but also because they can pose a safety risk in sensitive
applications, which limits the potential applications LLMs can realistically have (Ji
et al. 2023). Therefore, reducing them has become the motivation behind a large
body of research. Various techniques have been proposed for this purpose, such as
confidence-based refinement of the output (Nie et al. 2019), refinement by checking
against facts in a knowledge graph (Dziri et al. 2021) or retrieval-augmented generation
(Shuster et al. 2021). However, hallucinations will not be fully mitigated in LLMs
as we currently understand them. Mechanisms that rely on external ground truths
such as knowledge graphs or text retrieval databases will not have full coverage over
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all types of information that users of a general-purpose LLM such as GPT-4 seek.
Reference-free approaches, such as the confidence-based refinement, can never capture
all cases of hallucination, not least because making up content is be an inherent (and
often intended) functionality of generative LLMs.

2.4.3 Form and Meaning

A more philosophical debate addresses the question if LLMs are even capable of
capturing meaning. The LLMs we use build on the distributional hypothesis after
which words that occur in similar contexts have similar meanings (Firth 1957; Harris
1954). The distributional approach has limitations in which aspects of meaning it
can cover, in particular, it does not have access to the referential meaning of a word
(Emerson 2020), meaning that they cannot relate the form of language they get to
see to any instances of the real world. Bender and Koller (2020) argue that LLMs are
therefore unable to achieve a semantic understanding of language.

The view that reference determines meaning is however disputed, especially because
humans regularly use terms that have no referent in the real world because they
refer to abstract concepts or invented entities. Piantadosi and Hill (2022) argue that
LLMs capture other key aspects of meanings: conceptual role meanings, i.e. meanings
derived from the relations of concepts to each other. They argue that reference is not
necessary to determine meaning as humans can readily reason about many concepts
without referents in the real world. Even Mollo and Millière (2023) emphasise that
human representations often emerge without contact to a reference but by testimony
based on the representation of others. They criticise the conflation of grounding and
other concepts like understanding or agency, and define grounding as the ability to
represent things independently of human interpretation, i.e. that they possess intrinsic
meaning. Based on the symbol grounding problem (Harnad 1990) that states that symbols
in symbolic approaches to artificial intelligence have no intrinsic meaning as they
do not interact with the world, they introduce the vector grounding problem for self-
supervised models. They claim that LLMs, in contrast to symbolic systems, do in
fact have meaningful internal representations and can generate meaningful outputs.
They argue that referential grounding is in fact the relevant form of grounding as
it underlies all other forms of grounding (relational, communicative, epistemic and
sensorimotor grounding), but that it is possible for LLMs to acquire. As the models
are trained on data that is shaped by human interactions with their environment, they
can develop a representation similar to the one humans who do not have access to
a referent can acquire, mediated by the human producers of the data. Moreover, for
models trained with RLHF, there is an additional objective that (among other goals)
rewards truthfulness and factual correctness with respect to the real world.

In any way, the distributional approach is the currently most widespread approach,
and often successful from a pragmatic perspective. Bengio et al. (2013) argue that
a good representation is one that is useful in its downstream applications. This is
certainly the case for LLMs, and it is the reason why while LLMs may not acquire
understanding of the text they create, they are widely used in practice.
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In Chapter 2, I emphasised the self-supervised nature of the training of neural language
representations, particularly of LLMs. These models are not explicitly constructed
with a defined feature set but their qualities emerge from raw text (Bommasani et
al. 2021). LLMs are too complex to enable the user to comprehend their decision-
making criteria and rationale, due to the sheer amount of learnable parameters and
the non-linear nature of the functions they model (Mittelstadt et al. 2019). As neural
language representations dispense with the need for manually crafted features, it
appears natural to ask if the representations have implicitly learned similar features,
even though trained on a language modelling objective only. The massive performance
gain on many tasks also raises the question of what additional information causes the
gain.

I adopt the definition of interpretability in machine learning by Roscher et al. (2020):
the human understandability of some of the internal properties of a model (Roscher
et al. 2020). Interpretability research in NLP and other machine learning-powered
applications aims at creating methods and models that make machine learning systems
(more) comprehensible to humans, and that test the models’ behaviour under specific
circumstances. Alain and Bengio (2017) argue that probing helps to get a sense of
how the training is progressing in a well-behaved model. Inspired by such an improved
understanding, interpretation studies could motivate developments of the architecture
or the learning objectives that lead to better models in general or models that are better
adapted for specific use cases. In the case of NLP, interpretability methods often probe
for specific syntactic or semantic features that researchers hypothesize are the basis of
completing a task (or a family of tasks).
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This chapter is limited to post-hoc probes that are aimed at detecting linguistic knowl-
edge in pre-trained word representations. While the community has developed a large
family of interpretability methods, I will introduce four widely used categories to give
a taste of the field. The first one, behavioural or zero-shot probing, provides tactical
inputs to the model and inspects its corresponding output probabilities. The latter
three, structural probes, mechanistic interpretability and probing classifiers, operate
on the hidden representations of the model to get insights into the model’s inner
workings. I will summarise existing research and discuss each method’s benefits and
drawbacks. In Section 3.1 I will introduce behavioural probes that operate within the
LLMs’ training objective and compare probabilities for different queries. In Section 3.2,
I introduce structural probes that investigate the geometric properties of the internal
representations. In section 3.3, the field of mechanistic interpretation aimed at reverse-
engineering the model to understand at the neuron level what the model is doing.
Finally, in Section 3.4, I introduce classifier probes. As classifier probes are the method
that our work in the interpretability field is about, I will introduce them in more detail,
providing a broader overview of the concept and relevant works and discussions.

3.1 Behavioural Probes

The simplest setup for probes is the zero-shot setup, where the model’s native training
objective is used to query the model. As the model is left unchanged while targeted
inputs are being processed and the outputs are used for the analysis, probes in this
setup are commonly called behavioural probes. In the case of an autoregressive language
model, the most common setup is the extraction of probabilities for different predic-
tions for the next token. In the masked language modelling objective, the tokens of
interest are masked and the probabilities for different predictions are compared.

Groundbreaking works in the field have been done by Linzen et al. (2016), Marvin
and Linzen (2018) and Goldberg (2019). Those papers probe the syntactic abilities of
language models, for example, linguistic capabilities like subject-verb agreement. A
simple example of such a subject-verb agreement probe by Marvin and Linzen (2018)
is the sentence:

The author laughs.

The verb is masked out:

The author [MASK].

The model succeeds in this example if the probability of laughs is higher than the
probability of laugh:

P(laughs) ¡ P(laugh).

The same setup has been applied to semantic tasks as well: Talmor et al. (2020) create
a set of tasks that require commonsense reasoning abilities called oLMpics. They test
various abilities of the models such as age comparison and object comparison. An
example of the latter is in the following sentence:
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A cat is [MASK] than a mouse.

We expect the probability of the token larger to be higher than the probability of smaller:

P(larger) ¡ P(smaller).

The advantage of zero-shot probes is their simplicity: No training is needed, we can
test the model directly without any modifications. Besides being easy to use, the fact
that they are a direct probe of the model, without additional learning parameters
that could influence the outcome, reduces the risk of the probe being influenced by
external factors: The ability that we test for cannot be learned at probing time. The
only model-external factor that influences the results is the choice of probing data,
which cannot be avoided in any known setup.

A downside is that zero-shot probing is limited to certain tasks that can fit into the
language modelling objective and where a comparison of output probabilities can be
interpreted in a meaningful way. And even though no learning is happening in zero-
shot probes, the design of the prompts affects the outcome. Success in such probes
is context-dependent; the models often fail where discrepancy from their training
distribution becomes too large (Talmor et al. 2020). This can make it easy to draw
conclusions (both positive and negative) that do not generalize to other experimental
designs.

3.2 Structural Probes

Another line of probing assumes the geometric properties of word representation
vectors to be meaningful as they reflect similarities of the words’ usage in the training
data. It is the first of three interpretability methods that attempt to understand the
vector space formed by model activations.

A classical example of structural probes are word analogy tasks such as the widely
known work by Mikolov et al. on their word2vec model (Mikolov et al. 2013a,b).
They show that simple addition and subtraction of word vectors can (sometimes) give
meaningful results, such as in their famous king:queen example: When subtracting
the vector for man from the word for king, and adding the vector for woman, the closest
word vector to the resulting vector is the one for queen.

vector(”king”) - vector(”man”) + vector(”woman”)
≈ vector(”queen”).

The authors create a data set of various kinds of semantic and syntactic analogies
called Semantic-Syntactic Word Relationship. It includes quadruples from domains such
as country and capital, adjective and adverb, and singular and plural. They assume
that a good word representation model should perform well on this data set. This
assumption has been disputed, most influentially by Rogers et al. (2017) who argue
that assuming linguistic relations to expose such strong regularities is psychologically
not plausible: Semantic features are graded and messy, and even humans struggle with
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Figure 3.1: Syntax tree recovered from BERT representations with a structural probe.
Example by Hewitt and Manning (2019).

analogy tasks due to their ambiguity. And while analogical reasoning is fundamental
to humans, analogies cannot be represented as binary inference rules. Rogers et al.
(2017) also show experimentally that the word analogies only work when the source
and target vectors are close to each other. Other studies (Baroni et al. 2014; Levy and
Goldberg 2014) show that the relational similarities are not exclusive to neural word
embeddings but can also occur when using count-based word embedding strategies.

Structural probes looking for sentence-level features in contextual word representa-
tions are arguably less famous than relational probes on word embeddings but there
are some influential works. Hewitt and Manning (2019) develop a structural probe
that tests if entire syntax trees can be extracted as a (learned) linear transformation
from ELMo and BERT word representations. They assume that the number of edges
between words (the depth of the parse tree) may be encoded in the representation as
an L2 norm, finding out that it is indeed to some extent a structural property of the
word representation space. An example for such a tree from their work is presented in
Figure 3.1.

Ethayarajh (2019) investigates embeddings of BERT, ELMo, and GPT-2 with respect
to how contextual they are. The author tests (among some other things) how similar
the representations of the same word are in different contexts, and finds that in the
upper layers, the cosine similarity decreases, suggesting that the upper layers are more
task-specific. Kornblith et al. (2019) measure representational similarity between NNs
trained from scratch on image classification datasets with a measure that is invariant
to invertible linear transformations. They find that the representations of different
datasets are similar in early, but not in higher layers.

It is an intuitive idea that the positioning of representations in the vector space, shaped
by statistical patterns from the training corpus, is meaningful. However, structural
probes have the practical limitation that they require strong assumptions on how the
properties of interest are encoded in the representation. Those assumptions are only
possible to make for certain properties that can be translated into a geometric relation.

3.3 Mechanistic Interpretation

Closely related to the structural probes, mechanistic interpretability aims at a fine-
grained understanding of models at the neuron level. This field builds on the assump-
tion that it is possible to reverse engineer a model from its internal representations to
human-understandable algorithms, analogously to the reverse engineering of a binary
computer program. The discovered algorithms are called circuits, and are subgraphs
of the network that connect features in an interpretable way (Cammarata et al. 2020;
Olah et al. 2020).
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A disputed assumption is that the features and circuits are universal, i.e. that analogous
variants exist across similar models. Some works suggest that at least otherwise equal
models with different seeds converge at similar (but not equal) feature representations
(Y. Li et al. 2015).

In NLP, the mechanistic interpretability work is so far centred around discovering
features. In an early work, Karpathy et al. (2015) find several interpretable memory
cells in LSTMs via activation statistics, encoding patterns like line length counters
and cells that activate within brackets and quotes in code. Dalvi et al. (2019) find an
individual neuron that activates at month names and one that activates at negation
words, with the ten top words that activate at them being, respectively:

Month neuron: August, July, January, September, October, presidential, April,
May, February, December.
Negation neuron: no, No, not, nothing, nor, neither, or, none, (Negation)
whether, appeal.

Stanczak et al. (2022) probe for the cross-lingual overlap of neurons for morphosyn-
tactic properties such as gender, number and tense, finding that it is significant. They
conclude that this result indicates a language-independent representation of these
features. The ROME method by Meng et al. (2022) employs causal tracing to locate
factual knowledge, and to edit it to alter the GPT-2’s output. The authors provide an
example where the input text:

The Space Needle is located in the city of Seattle.

The aim of their paper is to locate where in the model the fact that the Space Needle is
in Seattle is represented, and to edit it so that the model places the needle in a different
city. Their findings using ROME suggest that factual knowledge is concentrated in
mid-layer feed-forward modules.

While mechanistic interpretability, popularised by the AI company Anthropic with
accessible and engaging blog posts (Cammarata et al. 2020; Olah et al. 2020), has
become the best-known term, attempts to discover individual neurons that represent
specific properties have taken various names. For example, Dalvi et al. (2019) call their
technique with this goal linguistic correlation analysis. Torroba Hennigen et al. (2020)
name attempts to discover such neurons intrinsic probing, and their specific technique
dimension selection.

Bricken et al. (2023) argue that, rather than individual neurons, linear combinations
of neurons should be viewed as the features and building blocks of mechanistic
interpretability. This is because individual neurons have a property that is called poly-
semanticity: They activate at inputs that do not correlate in a human-understandable
way. The work uses a sparse autoencoder setup on a one-layer transformer language
model, and finds relatively monosemantic (and thereby interpretable) features. This is
not a new but rather a rebranded insight: Combinations or rankings of multiple neu-
rons have also been the building blocks of the analogous techniques used in academic
research (Dalvi et al. 2019; Stańczak et al. 2023; Torroba Hennigen et al. 2020).
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Fully understandable circuits have, not surprisingly, so far only been discovered for
very well-defined tasks. Nanda et al. (2023) study one-layer transformers for modular
addition. They are able to fully reverse-engineer the model and find that it performs
the task by mapping the inputs to a circle which it uses to combine the inputs with its
feed-forward and attention layers. If similar results are possible with much deeper
models, and especially if such interpretable circuits will be possible for real-world
applications given the noisy nature of natural language and many NLP tasks remains
to be seen.

3.4 Probing Classifiers

The way to investigate representations that I focus on in this thesis is through the use
of supervised probing classifiers (Alain and Bengio 2017; Hupkes et al. 2017). Probing
classifiers are simple classifiers that are trained to solve diagnostic prediction tasks
considered to require relevant linguistic information, such as parts of speech, syntactic
structure, or semantic roles, from frozen model parameters. If the classifier is capable
of predicting the property of interest to a high degree, it is concluded that the property
(or, more precisely, information highly correlated to the property) has been learned
implicitly by the model.

Probing classifiers are often used to measure quantities of interest in different parts
of a model, to see where in a model a specific property is best found. Alain and
Bengio (2017) compare probing to using thermometers to measure the temperature
simultaneously at different locations within the model.

3.4.1 Definition

A probing classifier is a supervised classifier, typically a simple feed-forward network
or a linear network, that is trained on a probing task (diagnostic task). It uses datasets
D = (xi, yi)i, where each xi is the continuous vector representation of a neural lan-
guage model at some specific layer and yi is the gold-standard label for the probing
task. The xi are often word-level representations as typical probing tasks are often
at the word level, such as parts of speech, syntactic dependencies, semantic roles
and co-referent entity mentions. The classifier’s performance is often measured with
classification metrics such as accuracy and can be compared to baselines or across
layers.

To give a simple example, the dataset D may contain sentences where each word is
annotated with a part of speech tag, such as noun, verb or adjective, which become the
yi. If we feed the sentence through an LLM (e.g. BERT), we can extract each token’s
internal representation from a specific layer (e.g. layer 3). As the words may be split
into several tokens by BERT’s tokeniser, we may need to realign them, e.g. by adding
up the representations of the tokens that the word was split into. Now that we have
one representation for one word, we also have our xi. The dataset D can now be used
to train and evaluate the probing classifier and see how much useful information for
part-of-speech tagging BERT contains at layer 3. By building analogous datasets for
the other layers, we can compare the probe’s performance across layers and see where
in the model most useful information is found.
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Figure 3.2: Results from Blevins et al. (2018), with a probe on a dependency paring
and a semantic role labelling model that exposes a hierarchy of tasks: Part-of-speech
information peaks first, then syntactic parents, and then syntactic grand- and great-
grandparents.

3.4.2 Influential Works

Hupkes et al. (2017) propose probing classifiers, or diagnostic classifiers as they call
them, to investigate how RNNs capture the hierarchical compositional semantics of
natural language. To isolate this mechanism from other properties of natural language
(like structural and lexical ambiguity, irregular paradigms, multi-word units and
idiomatic expressions), they use a synthetic dataset of nested arithmetic expressions.
They find that RNNs roughly follow a cumulative strategy, as the intermediate value
of the expression up to the point from which the current representation is taken can be
predicted more accurately than the value within the current brackets, which would be
necessary for a recursive strategy of solving the expressions.

Various papers found that information is structured hierarchically within the models.
Belinkov et al. (2017a) probe machine translation models for part-of-speech and full
morphological tagging. They find that the lower layers of the encoder perform better
for this type of information, while deeper layers have less information about it. As
deeper networks are however crucial for translation quality, they hypothesize that
deeper layers are specialised in meaning. They also find that the decoder part of the
network contains little morphological information. In a subsequent work, Belinkov
et al. (2017b) find that indeed, the higher layers contain more semantic tag information.
Blevins et al. (2018) probe four different LSTM-based models: a syntactic dependency
parser, a semantic role labelling model, a machine translation model and a language
model. They discover a soft hierarchy within the models, with part-of-speech informa-
tion more prevalent in the lower layers, followed by syntactic parents, grandparents,
and finally great-grandparents. Two example results for models they examine are
presented in Figure 3.2.

In the paper that introduces the ELMo model, Peters et al. (2018) find that part-
of-speech tags are better predicted from the first hidden layer, while word sense
information is more prevalent in the second layer. In a comprehensive probing study
with many different tasks, Tenney et al. (2019) discover that in the BERT model, the
tasks are ordered analogously to a hand-crafted NLP pipeline from pre-neural times:
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from POS tags over syntactic dependencies, named entities and semantic roles to
coreference information. Y. Lin et al. (2019) use probing classifiers for tasks that
require different sorts of syntactic information, from linear information like a word’s
position to hierarchical information like the main auxiliary or the subject noun of
a sentence. Their results indicate that embeddings from lower layers contain more
linear information while higher layers contain more complex hierarchical features.
That semantics can be found in the higher layer while the lower layers contain more
syntactic information is also reported by Raganato and Tiedemann (2018) who use
probing classifiers on part-of-speech tagging, chunking, named entity recognition
and semantic tagging on Transformer encoders for machine translation. Similarly,
Jawahar et al. (2019) demonstrate that BERT learns surface features at the bottom
layers, syntactic features in the middle layers, and semantic features in the top layers,
suggesting that BERT requires deeper layers to learn long-distance features.

Blevins et al. (2022) analyse the pre-training dynamics of a multilingual model by
probing various training checkpoints. They find that while monolingual capabilities
are acquired early, cross-lingual capabilities emerge later in training, to a varying
degree depending on the language pair. They also find that linguistic knowledge
wanders from higher to lower layers during pre-training. K. Zhang and S. Bowman
(2018) probe representations learned with different learning objectives, including
language modeling and translation, for syntactic tasks, finding that the representations
trained on bidirectional language modelling contain the most useful information.

Probing has also been used for the evaluation of document or sentence embeddings.
Adi et al. (2017) argue that downstream task evaluation is very coarse-grained and
does not tell much about the types of information contained in the embeddings, and
therefore, generalisable conclusions cannot be drawn. They therefore introduce a set
of three tasks that capture the most basic properties of a sentence: word order, word
content, and length. Conneau et al. (2018) probe sentence embeddings for ten simple
linguistic features, finding that encoders contain a wide range of linguistic information
compared to baselines. They argue that for these simple tasks, it is easier to control for
biases than for downstream tasks.

Slobodkin et al. (2023) probe if the embedding space of a model encodes the answer-
ability of a question with the help of a dataset that contains both answerable and
unanswerable questions. They find that a probe on the last hidden layer reaches a
much higher accuracy than a probe on the first layer, and conclude that there is an
answerability subspace within the representations.

3.4.3 Methodology

Several works have raised concerns that a powerful probe may simply learn the task
by storing information in its own parameters, rather than exposing features from the
representations. The efforts in probing were in favour of placing restrictions on the
classifiers. Alain and Bengio (2017) explicitly measure the level of linear separability with
their probes, arguing that a linear classifier avoids the problem of local minima. Hewitt
and Liang (2019) restrict the model in several ways: In making them linear like Alain
and Bengio (2017), but also in the hidden size and the amount of training data, arguing

26



3.4. Probing Classifiers

that a reliable probe should be selective: It should perform well on the actual task, but
on the same time be unable to learn (memorise) a control task that randomly assigns
word forms labels. Voita and Titov (2020) propose to tackle this problem by using
the minimum description length (Rissanen 1978), an information-theoretic estimate
of complexity that takes into account the complexity of the model (its codelength).
Pimentel et al. (2020a) explicitly take into account the accuracy–complexity trade-off.
They argue that optimising for performance alone does not allow for conclusions
about the representations, but that optimising for complexity alone will make the
probe unable to exploit complex information about a word’s identity. Hence, a probe
should be Pareto optimal: In a family of probes, there should be no probe that has a
higher accuracy and at the same time a lower complexity.

On the other hand, Pimentel et al. (2020b) argue that a probe should be as expressive
as possible. In their information-theoretic framework, they measure the mutual
information between a representation and a linguistic property (the labels) and argue
that it is best measured with a powerful model. Saphra and Lopez (2019) argue that
the intermediate representations of neural networks cannot be expected to be linearly
separable, and that the non-accessibility of a property to a linear probe cannot be
expected to imply that this property does not exist in the representation.

Another concern about standard probing methodologies is that they do not take into
account if the detected information in the representation is actually relevant to the
model when performing language modelling or downstream tasks. Ravichander et al.
(2021) show that linguistic properties can be encoded in the representations of a model
(in their case, a BiLSTM) even if they are not relevant to the models’ training task.
Based on this problem, Elazar et al. (2021) propose amnesic probing, a technique that
shifts the focus from the question of whether certain information is encoded in the
representation to the question of how this information is being used by the model.
They use the Iterative Nullspace Projection algorithm (Ravfogel et al. 2020) to delete
linear information associated with a task, and measure the effects of the intervention
on the language modelling performance. The results indicate that not all tasks that are
easily learned by a probing classifier influence the performance: While the impact low-
level syntactic information is the strongest, named entity information has a small and
phrase detection information no impact. Rozanova et al. (2023) build on this work and
propose mnestic probing, a method that reverses amnesic probing and keeps only the
information that has been deemed task-relevant. They show that this strategy is more
informative for their target task, natural language inference, where high-dimensional
representations meet a small set of class labels.

3.4.4 Comparison to other Methods

Compared to the analysis of attention modules, probing classifiers have the advantage
that they are largely agnostic to the architecture of the neural network, as they only
rely on the parameters of the feed-forward part. The latter can however also be
seen as a limitation, as probing classifiers ignore the specific function of other parts
of the architecture. In particular, they do not consider the function of the attention
heads, which have been shown to exhibit interpretable meanings (K. Clark et al. 2019).
However, the effect of the attention heads should be observable from the representation
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in the feed-forward part. And in fact, studies on attention and syntactic structure show
similar results to probing: Vig and Belinkov (2019) show that the attention heads in
the highest layers capture the most distant syntactic dependency relationships, while
most dependency relationships are to be found in the middle layers.

Probing classifiers may also be applicable to a broader set of tasks, as there may not
be a suitable attention head that covers a sufficiently similar structure for every task.
Some tasks may depend on information aggregated from various attention heads in a
way that is not easily observable. The broader applicability shows even more for the
comparison to structural probes and behavioural probes. Those two techniques are, as
discussed earlier, only applicable to tasks with very specific properties. For probing
classifiers, the only limiting factor is that we need annotated data that can be aligned
with the representations. Feature discovery techniques in mechanistic interpretability
are however closely related to probing classifiers. Consequently, they can be applied
on the same set of problems, and give us similar types of insight (and more, as it is
possible to obtain results on a more fine-grained level).

A disadvantage compared to behavioural probes is that for probing classifiers, we
need parameter access to the model. There is no way to analyse models with probing
classifiers, structural probes or mechanistic interpretability if we access them as a
blackbox via an API. On the other hand, behavioural probes do not allow comparison
of layers and thereby cannot offer any insights about models’ internal dynamics.

As outlined earlier in this section, what can be concluded from the results of a probing
classifier is subject to discussion. The usage of a trainable classifier makes the method-
ology more indirect than other methods that work with the model or representation
as-is. This explains why there is more methodological discussion around probing
classifiers than around most other probing methods. This is the motivation behind our
work on probing classifiers: How do we know what we can conclude from a probe?
And how can we make the method as reliable and insightful as possible? We approach
these questions in Papers I, II and III.
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Complementary to analyzing the properties of a model globally as described in Chap-
ter 3, it is insightful to understand the reasons and mechanisms behind individual
predictions. This can give both developers and users crucial context in order to know if
predictions are reliable, or if a model uses undesirable shortcuts and biases.

The question what constitutes an explanation touches philosophy and the social
sciences. In social science literature, explanations have been viewed as an answer to
what–questions, how–questions, and why–questions (Miller 2019). For explainable AI,
explanations are likely to answer why-questions: Why is A the answer to question or
query Q? Or, more specifically: Why does the model infer answer A? By answering
this question, explanation methods aim at making the outputs of the NLP model and
its behaviour more intelligible to humans. The explanation mechanisms can either be
part of the model itself, or they can have access to the model parameters, or they can
simulate its internal processes by collecting outputs for targeted inputs.

The currently most widespread approach in explainable NLP is attribution methods
(Section 4.1), which identify those components of the model input that have the
most impact on the output. However, the applicability and clarity of these methods
have been criticised as limited (Bansal et al. 2021; Papenmeier et al. 2022; Wiegreffe
et al. 2021). In addition, humans prefer explanations that target the mechanism of
how the model arrived at a conclusion over explanations that solely list covariant
factors (Lombrozo 2006). An alternative that focuses on both covariant factors and the
mechanism are procedural explanations (Section 4.2) that offer a complete reasoning
path from the input to the prediction, but that have an even more limited applicability.
As a third alternative, free-text explanations (Section 4.3) have recently gotten traction
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Figure 4.1: An example for a feature attribution-based explanation in the masked
language modelling task, highlighting the most relevant tokens for predicting the
masked-out token. The missing word in this example is live. Created with AllenNLP
Interpret (E. Wallace et al. 2019b).

in NLP (Marasovic et al. 2022; Wiegreffe et al. 2022). They are easily accessible to
users, as they imitate human explanations, and are flexible in the tasks they can
be used for and the types of reasoning they can express. However, there are also
significant concerns. One is that free-text explanations, like human explanations,
focus on proximal mechanisms rather than complete sets of reasons or complete logical
deductions (Tan 2022). Explaining a model in this way can seem unintuitive as from a
technical system, many people expect the ability to explain things in a technical, not
a social form. The most widespread concern is however that the connection to the
model’s reasoning process is unclear (Bommasani et al. 2021). This is also the case for
many other explanation techniques (as I will outline in this chapter), but even more
evident for explanations that are largely generated by the same LLM that generates the
predictions, with the same mechanism, but no easy way to reliably test the connection
between answer prediction and explanation generation.

The object of study of our own work has been natural language explanations, which I
will therefore discuss most extensively in Section 4.3. To set natural language explana-
tions in context in the field of explainable NLP, I will however start with introducing
two other impactful approaches: input relevance measures in Section 4.1 and proce-
dural explanations in Section 4.2, with a focus on their limitations that make natural
language explanations stand out.

4.1 Input Relevance Measurements

Input Relevance Measurements, also called feature attribution techniques, explain
model predictions by identifying critical parts of the input. For a document classifi-
cation task, this could be a collection of words that were particularly important for
the assignment of a document to a certain category. Wiegreffe and Marasovic (2021)
refer to explanations produced by feature attribution as highlights, Tan (2022) calls
them evidence. They are the most common form of explanation for explainable NLP.
An example for a feature attribution-based explanation can be found in Figure 4.1.

The idea behind feature attribution is that explanations have classically been de-
fined as sets of causes, that is, empirical conditions or natural laws that lead to the
explanandum—the statement about the phenomenon in need of explanation (Lom-
brozo 2006; Moravcsik 1974). However, Lombrozo (2006) argues that humans prefer
explanations that cover the mechanism of how causes lead to an outcome. Attribution
leaves out all this information on how the highlighted information is being used by the
model (Rudin 2019). As such, it does not map to any form of everyday explanation,
and Tan (2022) even argues that stand-alone evidence is not a form of explanation.
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Instead, we may think of highlighted parts as causes that have the effect of making the
model produce a certain output (Keil 2006).

When it comes to the utility of attribution methods, studies have arrived at mixed
conclusions. Bansal et al. (2021) test if explanations increase the performance of human-
AI teams and find that they do not provide more value than confidence scores alone:
they yield an increase in accuracy when the model is correct, but a decrease when it is
wrong. Papenmeier et al. (2022) report the results of a large user study where faithful
explanations did not increase user trust or understanding compared to random or
no explanations. Chu et al. (2020) show that for image classification, accuracy, trust,
and understanding are not significantly improved by providing visual explanations.
However, the utility of explanations may vary across tasks and designs. In particular,
they may be helpful for tasks that require navigating external information sources.
For example, González et al. (2021) retrieve answers for challenging open"-domain
questions from corpora and find that explanations help users predict errors better than
confidence only. Shen et al. (2022) show that the length of the explanation is crucial for
understanding.

Apart from its restriction to information in the model input, a further shortcoming of
feature attribution is its limitation to tasks where either the input itself or the retrieved
document explicitly contains all relevant context. More open-ended tasks that rely
extensively on information inferred from the model parameters or other knowledge
and reasoning, such as open-ended or multiple choice question answering (Talmor
et al. 2019) or algebraic word problems (Ling et al. 2017), cannot be satisfactorily
explained using feature attribution.

4.1.1 Attention

An intriguing technique for assessing feature relevance, as it is a pre-existing compo-
nent of many NLP models including Transformers, is looking at the attention scores.
However, it is subject to discussion how meaningful the scores are as the models are
not specifically trained on attending to relevant inputs, let alone to rank inputs in
attention scores.

Serrano and Smith (2019) investigate the input and output of an attention layer before
and after an intervention on the attention weights in order to assess if attention
distributions can be used to identify the most relevant information. They perform a
number of experiments in a text classification system in its final attention layer to judge
attention’s capability of being used as an importance ranking. In the first experiment,
they remove the attention weight of the component with the highest attention and
compare the effect with a randomly removed attention weight. In this case, the
conclusion is tentatively positive: The highest-scored element has a much larger effect
when being removed than the random element. In another experiment, they erase
attention weights subsequently starting at the top of the ranking and observe at which
point the model’s decision changes. They compare the attention distribution with
three other rankings: a random order, an order determined by the gradient of the
decision function with respect to each attention weight, and the attention weights
supplemented with information about the gradient. They find out that while the
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attention weights distribution flips the decision faster than the random order, the
two latter approaches flip faster than the (pure) attention weights, suggesting that
attention weights are not an optimal predictor for models’ decisions although they do
sometimes correlate with importance, but in a noisy way.

The paper Attention is not Explanation (Jain and B. C. Wallace 2019) also explores how
well attention weights can capture the relative importance of an input, but in the
context of the full model instead of the final attention layer as done by Serrano and
Smith (2019). Based on experiments with comparisons of the attention distributions
to gradient-based feature importance measures and an evaluation with adversarial
attention, Jain and B. C. Wallace (2019) claim that attention weights are weak predictors.
This paper has been criticised in its methodology and conclusions by Wiegreffe and
Pinter (2019) whose answer paper is called Attention is not not Explanation. In particular,
Wiegreffe and Pinter (2019) question the adversarial attention experiments as they
do not take into account that attention weights are not trained independently but
end-to-end with the full model, and as the manipulated attention scores are not truly
adversarial. Wiegreffe and Pinter (2019) provide alternative approaches for testing the
meaningfulness of attention distributions, in particular by training examples that they
show to be truly adversarial. Based on the poor performance on those new adversarial
examples, they conclude that attention scores can provide coherent interpretations.

It is apparent that researchers have different perceptions of terms like explainability
and interpretability. This is also reflected in the definitions that they give. Serrano and
Smith (2019) write that “[i]n order for a model to be interpretable, it must not only suggest
explanations that make sense to people, but also ensure that those explanations accurately
represent the true reasons for the model’s decision.” Jain and B. C. Wallace (2019) state
that their question is “[. . . ] whether attention suffices as a holistic explanation for a model’s
decision”. Wiegreffe and Pinter (2019), on the other hand, claim that attention is
usually treated as an explanation, not the explanation, and that most earlier work
claimed attention rather to be “providing plausible rationales” than guaranteed faithful
explanations, so that their interpretations of the attention models can still be seen as
valid.

While the previously discussed papers studied attention mechanisms in models with
RNNs, others have investigated attention distributions, but to self-attentive Trans-
former models with multiple heads. Voita et al. (2019) look at distributions in the
individual attention heads of a transformer model for machine translation, finding that
there are heads that take interpretable functions such as positional heads attending to
a specific relative position, attention heads that model specific syntactic relations and
a head attending to rarest tokens in a sentence. In their evaluation of a pruning experi-
ment, the authors show that the interpretable heads are more relevant for the system
performance than the others, and that most heads, especially in the encoder, can be
pruned without seriously affecting the system’s performance. A related method is
used byK. Clark et al. (2019) who analyze BERT’s attention heads and also find several
functional heads that attend for example to the direct objects of verbs, determiners of
nouns, objects of prepositions, and coreferent entity mentions.

32



4.1. Input Relevance Measurements

4.1.2 Other Attribution Methods

Besides attention, there are more methods to extract input relevance scores. There
are two main approaches: perturbation-based surrogate models, and gradient-based
methods.

Surrogate models are smaller, more interpretable models that approximate model
decisions. They are model-agnostic, meaning that they treat the model they are
supposed to explain as a blackbox and query it using small perturbations around the
input data to infer the relevance of each input feature. Examples for such models are
Local Interpretable Model-Agnostic Explanations (LIME; Ribeiro et al. (2016)) and
SHAP (Lundberg and S.-I. Lee 2017). While surrogate models are widely used due to
their simplicity and wide applicability, they have been shown to be unstable for non-
linear models (Alvarez-Melis and Jaakkola 2018; E. Lee et al. 2019), and the sampling
procedures to perturb the input can lead to uncertainty (Yujia Zhang et al. 2019).
Moreover, surrogate models are sensitive to adversarial attacks: They can even be
manipulated to not reflect the true features and biases underlying the decision-making
(Dombrowski et al. 2019; Slack et al. 2020).

Another family of techniques that is not strictly model-agnostic but can be used for all
neural network models uses gradients to compute the contribution of input features
to the model’s decision (J. Li et al. 2016; Simonyan et al. 2014; Sundararajan et al. 2017).
As gradient-based models use model parameters only, requiring just a backward
pass without modifications, they are considered more faithful than surrogate models.
Faithfulness is particularly relevant given that the intended user of the generated score
is often the model developer (Bastings and Filippova 2020). For other target users
however, it is relevant that even the gradients of a model can be subject to adversarial
attacks: J. Wang et al. (2020) train models whose gradients place high attribution to
tokens not relavant to the task without affecting the predictions.

4.1.3 Evaluation

As outlined in this section, no input relevance measure is fully reliable and robust.
Moreover, different techniques can produce contradictionary results (Atanasova et al.
2020a). To systematically compare and evaluate them, various criteria and measures
have been proposed.

Alvarez-Melis and Jaakkola (2018) propose measures for the robustness of the expla-
nations to slight variations of the input. They find that while no method they test
is robust, gradient-based methods perform better than perturbation-based methods.
Yu et al. (2019) suggest a set of three properties that a rationale should maximise:
sufficiency, meaning that it is possible to make the prediction with the selected features
only, comprehensiveness, meaning that the explanation includes all relevant features,
and compactness, meaning that the explanation should not be longer than necessary
and that it should be continuous. Atanasova et al. (2020a) propose a more extensive
set of criteria, including the agreement with human-annotated rationales, confidence
measures, faithfulness (as measured by performance difference when leaving out the
most salient tokens), and consistency. Even they find that gradient-based methods are
fulfilling their criteria best.
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Figure 4.2: Example for a deductive explanation: A constrained METGEN (Hong et al.
2022) tree for science question answering. The question in this example was: How
might eruptions affect plants?, the answer, as shown in green in the figure: Eruptions
can cause plants to die. Orange denotes facts; blue intermediate conclusions. Figure
adapted from Hong et al. (2022).

For the comparison with human rationales, there exist datasets with annotations for
relevant input spans. The benchmark ERASER (DeYoung et al. 2020) collects seven
such datasets. The authors of ERASER propose to measure agreement with these
human annotations, but also faithfulness scores based in sufficiency and comprehen-
siveness as the goal of outputting attribution scores is to create not only plausible but
also faithful explanations. The importance of the disentanglement between the two has
been noted by Jacovi and Goldberg (2020) who point out that human ratings or gold
standards are inappropriate for faithfulness evaluation as plausibility to humans does
not indicate what a machine learning model is doing internally.

4.2 Deductive Procedure

Deductive procedures are grounded in the input and provide step-by-step rules that
lead to the prediction. They are less common because they are only applicable to a
small share of NLP tasks (Tan 2022) but provide complete inference chains where
all intermediate steps can be checked. Long before deep learning became popular,
procedural explanations have been used in artificial intelligence to learn generalization
by capturing the structural relationship of a problem (DeJong and Mooney 1986; Lewis
1988; Mitchell et al. 1986).

Narayanan et al. (2018) employ explanations in the form of decision sets, mappings of
inputs to outputs via a set of rules. In user studies, they search for explanations that
humans can utilize best, finding that more complex explanations are harder to process
and less satisfactory. Hong et al. (2022) build constrained trees consisting of entailment
steps for science question answering. An example for such a tree generated with their
METGEN system can be found in Figure 4.2. Ling et al. (2017) and Jie et al. (2022)
generate the intermediate steps necessary to solve math word problems. This is similar
to the recently famous Chain-of-Thought (CoT) generation (Wei et al. 2022), where the
model generates intermediate reasoning steps prior to the prediction in a zero-shot
setting. However, in CoT, the completeness and correctness of the intermediate steps
is neither enforced nor typically evaluated; its main goal is the improvement of the
prediction accuracy.
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There are two main limiting factors in deductive procedures. One is applicability: The
prediction problem needs to be fully formalisable, which is a very strong assumption
as most dynamical systems are not characterisable as (interpretable) computations
(Cummins 2000). Also, procedures are limited to problems solvable by simple and
transparent algorithms, such as decision trees. Humans, on the other hand, explain at
different levels of abstraction, even if their understanding is coarse and fragmentary
(Keil 2006). To understand how rare purely formal reasoning is in humans, we should
consider that even discovery-focused parts of mathematics have informal components:
They require the refinement of guesses by speculation and criticism, heuristics, and
exploration (Lakatos 1963).

The second limitation of deductive procedures is their understandability: If the ex-
planation exceeds a certain length, it will be hard for a human user to follow. The
causal and relational complexity of the real world would however require deductive
procedures of unbound length, making understandable procedures utopian.

4.3 Natural Language Explanations

Generating natural language explanations has gained relatively little attention until a
few years ago. While some works use more restrictive techniques to generate textual
explanations, such as template-based approaches (N. Wang et al. 2018; Yongfeng Zhang
et al. 2014) or approaches based on extractive summarisation (Atanasova et al. 2020b),
it was only with the emergence of GPT-2 and other generative Transformer models
that they gained more traction. Datasets with human-written free-text explanations1

for the correct label were created for tasks like natural language inference (Camburu
et al. 2018) and multiple-choice question answering (Aggarwal et al. 2021; Rajani et al.
2019), along with models fine-tuned to imitate these explanations.

Natural language explanations address many of the limitations that attribution meth-
ods and procedural methods have. They are easily accessible to human users than
other forms of explanation, especially to end users without a technical background.
Moreover, they can incorporate forms of reasoning not covered by the other methods:
They allow for the inclusion of any input-external knowledge and any type of rea-
soning that can be expressed in natural language, while not being restricted to tasks
where it is possible to provide a complete reasoning path.

The incorporation of free-text explanations in the learning process has in some cases
lead to an increase in performance and robustness. The idea behind this approach is
that with the explanations as additional supervision, models can be guided to make
decisions in a more accurate way and rely less on spurious correlations in the dataset,
as the decision-making process is better aligned with the expected forms of reasoning.
This may also improve the model’s robustness, as it may reduce the dependence on
cues from one dataset that do not generalise to other datasets. While similar ideas

1At this point, I use free-text explanations as a narrower term than natural language explanations
as it excludes template-based or extractive natural language explanations. In the remainder
of this chapter, I use the two terms interchangeably, both referring to explanations generated
token-by-token by an LLM.
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are also applied to attribution methods (Chen et al. 2022), the freer form of natural
language explanations may extend the benefits to more tasks.

The need of manual annotations of explanations, the creation of which is costly, is a
limiting factor in generating free-text explanations (Belinkov and Glass 2019). This
problem may have been partially resolved with LLMs like GPT-3 and beyond that
have few-shot and zero-shot capabilities. An objection to free-text explanations that is
of enduring relevance is however that the explanations have no obvious connection to
the label prediction. As Bommasani et al. (2021) write:

“[...] there are reasons to be skeptical: language models, and now foundation
models, are exceptional at producing fluent, seemingly plausible content without
any grounding in truth. Simple self-generated “explanations” could follow suit.
It is thus important to be discerning of the difference between the ability of a
model to create plausible-sounding explanations and providing true insights into
its behavior.”

Bommasani et al. (2021)’s sceptical remarks are justified: We cannot trust LLM-
generated explanations to accurately present its inner workings when generating
a label. However, as I will discuss in this section, just as most other explanation
techniques, they are able to provide us with some insight about the model’s inner
workings. As the kind of insight they provide us with are not currently achievable by
other techniques, they are a valuable component of model explainability and can be
useful to both developers and users.

In this section, I introduce influential applications and datasets (§4.3.1) and common
approaches to generating free-text explanations (§4.3.2). Finally, I discuss the eval-
uation of free-text explanations and the question how we can determine if they are
faithful to the prediction process (§4.3.3).

4.3.1 Applications and Datasets

Datasets containing free-text explanations broadly fit into two categories: Tasks with a
focus on logical and mathematical reasoning, and tasks that require factual knowledge
and commonsense reasoning.

Logical Reasoning

The first category of datasets require logical or arithmetic reasoning between state-
ments to solve a task.

A widely used dataset that pioneered the generation of free-text explanations is eSNLI
by Camburu et al. (2018). They add explanations to the natural language inference
(NLI) datasets SNLI (S. R. Bowman et al. 2015). The task of SNLI is to classify the
entailment relation of two sentences (the premise and the hypothesis) into contradiction,
neutral or entailment. An example of this is the following, where the explanation points
at the logical problem in inferring the hypothesis from the premise, resulting in the
label contradiction:
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Premise: A shirtless man is singing into a microphone while a woman next to
him plays an accordion.
Hypothesis: He is playing a saxophone.
Label: contradiction.
e-SNLI Explanation: A person cannot be singing and playing a saxophone
simultaneously.

The SNLI dataset has been shown to contain unintended cues that models can rely
on when making predictions (Gururangan et al. 2018). Other, more diverse datasets
also rely on such cues (T. McCoy et al. 2019), making it uncertain how well models
solve the actual task even if the model scores high in an in-domain evaluation. Textual
explanations that exhibit the expected reasoning can be valuable to assess the potential
of the model to solve the task accurately and its limitations. In this line, Zhou and Tan
(2021) extend the adversarial HANS dataset (T. McCoy et al. 2019) with explanations
and show that model-generated explanations contain a high lexical overlap with the
human-written explanations but hallucinate information and miss crucial relations.

Guiding models through explanation generation sometimes improves their perfor-
mance. In chain-of-thought prompting (Wei et al. 2022), the model generates interme-
diate reasoning steps before the prediction in a few-shot setting on arithmetic word
problems. The approach has been shown to substantially boost the performance for
appropriate tasks when combined with very large models. The most widely used
dataset for chain-of-thought prompting is GSM8K (Cobbe et al. 2021). GSM8K consists
of a question, the reasoning path, and the final answer, as shown in the example below:

Question: Weng earns $12 an hour for babysitting. Yesterday, she just did 50
minutes of babysitting. How much did she earn?
Answer: Weng earns 12/60 = $12/60=0.2Ñ 0.2 per minute.
Working 50 minutes, she earned $0.2 x 50 = $0.2*50=10Ñ $10.
Final Answer: $10

Kojima et al. (2022) do zero-shot prompting on a set of arithmetic reasoning tasks
(including GSM8K) and other logical reasoning tasks, simply appending Let’s think
step by step to the prompt. This alone results in a substantial task performance increase.

For e-SNLI however, such increases have not been observed. Zhao and Vydiswaran
(2020) address this issue and identify two problems: Firstly, unlike humans, past
models did not consider alternative explanations but focus on explaining the correct
label. Secondly, the models do not reason about the correctness of facts but focus
on creating well-formed sentences. They include a candidate explanation for every
possible label, and use an instance selector to reason about which one is correct. The
performance increase they report with this approach is however slight.

However, departing from training on the e-SNLI explanations, He et al. (2023) perform
few-shot prompting similar to chain-of-thought prompting on several NLI datasets
including SNLI but also various harder and adversarial datasets. They show that this
setup improves task performance and robustness.
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Knowledge-based Reasoning

The second category of datasets containing explanations that I will present are tasks
that require commonsense and factual knowledge that is not present in the input for
their reasoning.

CoS-E (Rajani et al. 2019) and ECQA (Aggarwal et al. 2021) extend the multiple-choice
question answering dataset CommonsenseQA (Talmor et al. 2019) with crowd-sourced
explanation. While CoS-E provides a brief explanation only for the correct answer,
ECQA also contains an explanation for each of the four incorrect answers, with a
reason why this option is wrong. In addition, ECQA features a long-form explanation
that contrasts all answer options. The following is a shortened example from ECQA,
with the question, the correct answer option along with an explanation, as well as one
wrong answer option along with an explanation:

Question: What is something that people do early in the day?
Correct Answer: Eat eggs.
Explanation: People generally eat breakfast early morning. People most
often eat eggs as breakfast.
Negative Answer (Example): Believe in God.
Explanation: Believing in God is not restricted to a specific part of a day.

In the Commonsense Validation and Explanation (ComVE; C. Wang et al. (2020))
dataset, the task is to predict and explain whether a natural language statement makes
sense. In the prediction task, the model is presented with two statements, and needs
to select the nonsensical one. The explanation task has two modes; a multiple-choice
mode where the correct explanation must be selected from three explanations with
similar wordings, and a free-text generation mode. An example for a multiple-choice
instance containing a nonsensical statement and three options for explanations is the
following:

Statement: John put an elephant into the fridge.
Option 1: An elephant is much bigger than a fridge. (correct)
Option 2: Elephants are usually white while fridges are usually white.
(wrong)
Option 3: An elephant cannot eat a fridge. (wrong)

For a similar multiple-choice question answering dataset, Latcinnik and Berant (2020)
include an intermediate textual layer in their model to generate explanations. However,
they do not perform supervised training with annotated explanations as a target but
train their models with weak supervision to produce explanations that are useful
for the downstream classifier. Park et al. (2018) create the visual question-answering
datasets VQA-X and ACT-X by enriching existing datasets with textual justifications
for answers as well as relevant positions highlighted in the image. They show that it
depends on the sample if visual or textual explanations are more useful, concluding
that multimodal explanations are preferable for multimodal tasks.
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Training Phase 1
Training Phase 2

Figure 4.3: Graphical representation of the categorisation proposed by Hase et al.
(2020). x is the input, y the output and e the explanation. Figure by Hase et al. (2020).

4.3.2 Approaches

In the earlier works on generating free-text explanations, the explanation is generated
either completely independently of (Rajani et al. 2019) or prior to the label prediction
model (Camburu et al. 2018; Latcinnik and Berant 2020). As Latcinnik and Berant
(2020) acknowledge, this is a weak form of explanation as the prediction process cannot
influence the explanation generation. Hase et al. (2020) introduce a categorisation of
the approaches, calling the former type of approach that conditions the explanation
only on inputs reasoning (RE) mode, and the latter that considers the input as well as
the label rationalising (RA) mode. They also consider if the explanations are used as
an additional input in a pipeline model which they call a serial-task (ST) approach or
explanations are generated jointly with the labels, called a multi-task (MT) approach.
A graphical representation of the four approaches is presented in Figure 4.3. Hase
et al. (2020)’s multi-task reasoning mode has subsequently become known as self-
rationalising models, the term that I adopt in this thesis.

With the increasing multi-task capabilities of LLMs, self-rationalising models have
become increasingly common. Narang et al. (2020) show that they can successfully
generate labels and explanations at the same time, and that the self-rationalisation
capabilities can, to some extent, even be transferred to other datasets. Wiegreffe et al.
(2021) show that self-rationalising models have a higher performance than serial-task
architectures.

These first approaches all used fine-tuned models. After the release of GPT-3 and the
increasing capabilities of models in in-context learning, Marasovic et al. (2022) were
the first to propose a few-shot approach that jointly generates model predictions and
explanations. They explore how the prompt should be formatted for such a setup, and
show that while the prompt has a significant impact on the performance, humans rate
their generated model explanations as significantly less plausible than human-written
explanations.

These findings have also been exploited for the generation of datasets. Synthetic, LLM-
generated datasets are becoming more common as they reach a reasonable quality for
many NLP tasks and applications with a fraction of the cost, and the same appears to be
true for LLM-generated natural language explanations datasets. Wiegreffe et al. (2022)
generate candidate explanations with GPT-3 and train an acceptability filter based on
human ratings of the explanations. They show that human raters often prefer the LLM-
generated over the human-written explanations. A similar result has been reported
by He et al. (2023) who compare few-shot prompting for NLI with human-annotated
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versus ChatGPT-annotated explanations. They find that, surprisingly, humans prefer
the LLM-annotated explanations while the human-annotated explanations are more
beneficial for task performance for four out of five models.

4.3.3 Evaluation

Similar to the evaluation of input relevance measurements in Section 4.1, there are
several properties of natural language explanations that can be evaluated but that
should not be conflated. As we evaluate similarity of input attribution methods to
human relevance judgements, we can evaluate the similarity of model-generated
explanation to human-written explanations. Faithfulness evaluation is even more
challenging and more experimental for free-text explanations than it is for input
attribution methods, but nonetheless, there exist approaches that attempt to estimate
this property.

Similarity to Human Explanations and Plausibility

Similar to other text generation tasks, the automatic evaluation of explanations has
the challenge that the same thing can be expressed in many different ways. For
many tasks and data instances, it is even possible to create various valid reasoning
chains. Therefore, even where human-annotated explanations exist, it is not necessary
to expect exactly the same explanation from the model, we can at most expect a
similar meaning. Therefore, test generation metrics that measure the semantic overlap
between generated and annotated explanations are commonly used.

Two widely used metrics in text generation tasks are BLEU (Papineni et al. 2002),
a group of metrics originally developed for machine translation that measures the
n-gram precision of generated text and ROUGE (C.-Y. Lin 2004), a group of metrics
originally developed for text summarisation that measures the n-gram recall. BLEU
and ROUGE however measure the surface overlap between texts and require exact
matches of the n-grams. In consequence, they are not robust to lexical and syntactical
variations and are less indicative for criteria such as the acceptability of a generated text
(Ananthakrishnan et al. 2007; van der Lee et al. 2021). For this reason, the BERTScore
metric family (T. Zhang et al. 2020) has been proposed. Instead of surface overlap, it
measures the pairwise cosine similarities between the contextual token embeddings
from the BERT model. T. Zhang et al. (2020) show that BERTScore correlates better
with human judgements than metrics based on surface overlap.

These metrics can give an idea of how well the generated explanations reflect the
human-written explanations from a dataset. However, although better than previous
metrics, even the BERTScore metrics are far from perfect: In particular, even they have
been shown to be overly reliant on lexical overlap (Hanna and Bojar 2021).

A more general problem is that the reference explanations are expected to have large
variance between annotators, given that the possible set of valid explanations is large.
This may induce annotator bias into the evaluation (Geva et al. 2019). Therefore
evaluation approaches that compare generations to a gold standard are not considered
suitable as a sole base for the evaluation of natural language generation tasks (Amidei
et al. 2018).
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To judge the plausibility of the generated explanations independent of specific human
annotations, it has therefore become common to include a human evaluation of a
subset of the evaluation set (Marasovic et al. 2022; Wiegreffe et al. 2022). However,
while human ratings are often treated as a gold standard, even they have been shown
to rely on surface qualities of the text such as fluency (E. Clark et al. 2021). Moreover,
the inter-rater agreement in human evaluations is often low. Amidei et al. (2018)
study what influences the agreement and find that ratings diverge for generation
tasks due to inter-personal differences in factors such as personal style, attention to
detail, background knowledge and personal assumptions. They conclude that such
differences are inherent to the nature of such studies, and that the inter-rater agreement
is not a measure that is supposed to be maximised.

Faithfulness

As I have outlined in the introduction of this chapter, the faithfulness of a self-
rationalising model is, by default, uncertain. There is no inherent reason to assume that
the generated explanations accurately reflect the models’ prediction process. Therefore,
a line of work has emerged that estimates the explanations’ faithfulness to the label
prediction process.

Hase et al. (2020) propose the leakage-adjusted simulatability (LAS) metric to evaluate
how predictable (simulatable) a model’s decisions are to an observer, given the explana-
tions. They argue that the LAS score is a measurement of faithfulness because it is an
indication that the content of the explanations influences the predictions. The authors
control for predictability from the input alone by comparing to an input-only baseline,
as well as for label leakage in the explanation by testing if the label can be predicted
with the explanation alone. They find that rationalising models achieve better LAS
scores than reasoning model, and that the serial-task rationalising model gets similar
scores as humans.

Overall, experimental faithfulness evaluations based on input interventions have lead
to mixed conclusions. Wiegreffe et al. (2021) show that there are correlations of the
label prediction and the explanation generation process by adding noise to the input
and showing that both are affected in similar ways. They conclude that their results
indicate the potential to generate faithful free-text explanations. Atanasova et al.
(2023) propose analysing the faithfulness of textual explanations after counterfactual
interventions on the input that alter the prediction. They find that for many instances,
it is possible to find an edit that leads to an unfaithful explanation. They also test for
the sufficiency of the reasons provided in the explanations, again finding a substantial
number of unfaithful explanations. Turpin et al. (2023) add biasing features to the
input which affect the prediction, e.g. providing few-shot multiple-choice examples
where the selected answer is always the first one. Those biases are never reflected in
the explanations generated by the models they test, showing that the predictions are
not faithful to the explanations. Critiquing the aforementioned works, Parcalabescu
and Frank (2024) argue that what they measure is not faithfulness but self-consistency,
which is a necessary, but not a sufficient condition for faithfulness. They argue that
the inner workings for generating predictions and explanations could be consistent,
but still different, and that therefore, evaluating faithfulness is still an open problem.
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An alternative approach to estimating the faithfulness of explanations is comparing
the performance of models that include explanations to models that do not provide
explanations for their predictions. If self-rationalisation adds performance and ro-
bustness, this is an indication that the prediction process is at least partly guided
by the reasoning provided in the explanations. Ross et al. (2022) test the effect of
self-rationalisation on the robustness to spurious correlations in fine-tuned models by
evaluating on challenging subsets and datasets that are designed for not containing
known spurious correlations in NLI (Gururangan et al. 2018; T. McCoy et al. 2019).
They find that it does not generally make models more robust. However, they identify
two factors that make a model more likely to benefit from self-rationalisation: fewer
fine-tuning resources and larger model sizes.

4.3.4 Summary

Natural language explanations can cover a broad set of problems and are commonly
more accessible to humans than other forms of explanation. As the capabilities of
LLMs have increased and few-shot and zero-shot prompting has become possible,
self-rationalisation is now a simple and powerful method to generate natural language
explanations. However, the properties of free-text explanations are still underexplored.
Our work in Papers IV and V aims at understanding their role and effects better.
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5 Paper Summaries

In this chapter, I will summarise the contributions of the five papers included in this
thesis in Sections 5.1 to 5.5. The published versions of the full papers are included
in Part II; they are adjusted in formatting but the text is not altered. In Section 5.6, I
will give an overview of other papers that I have contributed to during my time as a
PhD student. These papers are not an official part of this thesis. Although the main
contributions of two of these papers are outside this field, I will specifically reflect on
their relation to interpretable and explainable NLP.

5.1 Paper I

Jenny Kunz and Marco Kuhlmann (Dec. 2020). “Classifier Probes May Just Learn
from Linear Context Features”. In: Proceedings of the 28th International Conference on
Computational Linguistics. Barcelona, Spain (Online): International Committee on
Computational Linguistics, pp. 5136–5146. DOI: 10.18653/v1/2020.coling-
main.450. URL: https://aclanthology.org/2020.coling-main.450.

In this paper, we question an assumption that was often stated in early probing
work: That the contextual representation of one token does not contain sufficient
information for a probe to learn common sentence-level probing tasks without specific
linguistic structure already being encoded in the representation. However, through the
contextualisation with the multi-head self-attention mechanism, the representation
can contain detailed information about the whole sentence. This information enables
the learning of all sentence-level tasks as crucial features (in particular, information
about the surrounding words) are present.

43



5. PAPER SUMMARIES

We show experimentally that detailed linear context features are actually contained
in the representation by constructing a probing task that, from the representation of
one token at a time, predicts the exact identity of the neighbouring words at a specific
position. Our results show that for the BERT model, more than half of the direct
neighbours of the word in the sentence are recoverable exactly, and even more distant
neighbours are recoverable to a substantial extent. For ELMo, the numbers are lower
but still much higher than for non-contextual baselines.

Based on these results, we develop a framework that is centred around what we call
the context-only hypothesis: We call for probing experiments to disprove the assump-
tion that the only information that the probe uses to learn the probing task is linear
information about the identity of the neighbouring words. We show theoretically and
experimentally that none of the baselines or restrictions imposed on the classifier in
the literature can disprove this hypothesis. Therefore, we argue that these methods
are not a strong foundation for conclusions about linguistic features being explicitly
encoded in the representations.

5.2 Paper II

Jenny Kunz and Marco Kuhlmann (Nov. 2021). “Test Harder than You Train: Probing
with Extrapolation Splits”. In: Proceedings of the Fourth BlackboxNLP Workshop
on Analyzing and Interpreting Neural Networks for NLP. Punta Cana, Dominican
Republic: Association for Computational Linguistics, pp. 15–25. DOI: 10.18653/
v1/2021.blackboxnlp-1.2. URL: https://aclanthology.org/2021.
blackboxnlp-1.2.

In this paper, we take inspiration from our first paper and increase the restrictiveness
of the probing classifier. As machine learning models typically operate within an
interpolation setting, we hypothesise that the ability to extrapolate would be an indi-
cation that the probe decodes linguistic knowledge rather than learning the task from
scratch. For this purpose, we take inspiration from curriculum learning and define a
set of linguistic, statistical and learning-related scoring functions after which we rank
the difficulty of training examples. These rankings are used to define train-test splits
where we train only on easy examples and evaluate only on hard examples.

We analyse the relative merits of these criteria experimentally and theoretically, finding
that the results vary greatly across scoring functions. The linguistic and statistical
criteria that allow for the best-motivated splitting points show the clearest differences
between interpolation and extrapolation settings, indicating that arbitrary splitting
points do not define true extrapolation setups. The most discriminating ranking
function for the syntactic dependency label prediction probing task is the length of the
syntactic dependency arc, where the easy samples are the samples where the syntactic
head is a direct neighbour. For the part-of-speech-tagging probing task, the most
differentiating criterion is a binary statistical criterion, where the easy samples are the
ones where a word form is assigned its most frequent label. Our experiments show
that for the setups with well-motivated splitting points, the ability to extrapolate to
harder examples is limited, but not completely absent.
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5.3 Paper III

Jenny Kunz and Marco Kuhlmann (Oct. 2022). “Where Does Linguistic Information
Emerge in Neural Language Models? Measuring Gains and Contributions across
Layers”. In: Proceedings of the 29th International Conference on Computational Lin-
guistics. Gyeongju, Republic of Korea: International Committee on Computational
Linguistics, pp. 4664–4676. URL: https://aclanthology.org/2022.coling-
1.413.

The third paper also proposes a way to overcome the question if a task is encoded
in the representation or learned by the probe. We offer a new perspective on how to
approach, evaluate and interpret probing results with a new family of metrics that
focuses on the information flow through the model instead of the isolated performance
of one layer at a time. The new metrics focus on the local information gain from one
layer to the other, and calculate the contribution of this layer to the overall performance
of the model.

This new focus shows that it is the very first layers of the BERT model that contribute
the most new information to the performance on syntactic tasks, and not the middle
layers as one may conclude based on traditional, global probing metrics. The informa-
tion is just preserved in the model, which leads to a higher performance due to more
accumulated information.

We also test if expected hierarchies between probing tasks hold: That information
useful for predicting syntactic parents is gained in earlier layers than information
relevant for syntactic grandparent prediction, and that information for predicting the
most frequent part-of-speech tags for a word form is gained earlier than information
for less frequent tags, as those may require more context. Our experimental results
show that the hierarchy holds in the new metrics only for the first task pair; for the less
frequent part-of-speech tags, the most significant gains happen in the very first layers,
earlier than for the most frequent tags. We also show that the structure of information
varies greatly between models in different languages.

5.4 Paper IV

Jenny Kunz, Martin Jirenius, Oskar Holmström, and Marco Kuhlmann (Dec. 2022).
“Human Ratings Do Not Reflect Downstream Utility: A Study of Free-Text Expla-
nations for Model Predictions”. In: Proceedings of the Fifth BlackboxNLP Workshop
on Analyzing and Interpreting Neural Networks for NLP. Abu Dhabi, United Arab
Emirates (Hybrid): Association for Computational Linguistics, pp. 164–177. DOI:
10.18653/v1/2022.blackboxnlp-1.14. URL: https://aclanthology.
org/2022.blackboxnlp-1.14. Best Paper Award Winner.

The fourth paper is our first contribution to the field of natural language explanations.
We explore how the utility of explanations for a downstream model compares to
human ratings of the same explanations by training and evaluating explanation-
generating models with two different pipeline architectures: one serial-task model that
generates only the explanation in the first step, and one multi-task model that jointly

45



5. PAPER SUMMARIES

generates predictions with the explanations. Both pipelines consist of a fine-tuned
GPT-2 for the generation of the explanations and BERT for the final classification, and
are trained and evaluated on e-SNLI and ECQA.

We find that the explanations by the serial-task model are rated higher by humans
with respect to their validity and factual correctness and score higher in similarity
measures compared to human-annotated gold explanations. However, in the utility
for a downstream classification model, the explanations by the multi-task model score
slightly higher. We observe that the latter explanations are a classical example of
hallucinations, as they contain more novel information and more factually incorrect
information. This is punished by human annotators but slight performance improve-
ments may be an indicator that the novel information can in some cases be useful
context for downstream models.

A second insight from this paper is that fine-tuning the downstream classifier with
gold explanations only leads to failure at evaluation time when switching to generated
explanation. This indicates an over-reliance on information in the explanations. How-
ever, further fine-tuning on generated explanations solves this problem. The classifier
learns to handle the less reliable information from the generated explanations and, in
the case of the harder ECQA dataset, improves its performance over the model that
does not receive explanations as an additional input substantially.

5.5 Paper V

Jenny Kunz and Marco Kuhlmann (2024). Properties and Challenges of LLM-Generated
Explanations. arXiv: 2402.10532 [cs.CL]. URL: https://arxiv.org/abs/
2402.10532. Under Review.

In the fifth paper, we focus on zero-shot explanations generated by GPT-4 and explore
their properties. We annotate an instruction fine-tuning dataset for categories of
instruction, and the outputs of GPT-4 for known properties of human explanations
that have been pointed out as problematic for the goals of explainable NLP.

We find that the explanations often list an incomplete set of contributing reasons,
but argue that this is not avoidable due to the open and complex nature of many
instructions. We also find a large number of explanations that contain illustrative
elements, which likely have no connection to the model’s reasoning but on the other
hand help make the reasoning more accessible to the user. Only few explanations are
subjective, which we assume is related to GPT-4’s alignment process that discourages
the inclusion of subjective statements in the output. Misleading explanations for
answers that are wrong are also rare, but we assume that this is an artefact of the
dataset we use, where the instructions themselves are LLM-generated and therefore
very likely to be answerable correctly by GPT-4.

We discuss the effects of the presence or absence of these properties on different goals
of explainable NLP and different user groups that may use LLMs. We argue that all
properties can have positive or negative sides, depending on the use case.
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5.6 Other Works

During my PhD studies, I also contributed to the following papers.

5.6.1 Constructing Surrogate Models for Textual Explanations

Marc Braun and Jenny Kunz (2024). A Hypothesis-Driven Framework for the Analysis
of Self-Rationalising Models. arXiv: 2402.04787 [cs.CL]. URL: https://arxiv.
org/abs/2402.04787 To Appear at the Student Research Workshop at the
18th Conference of the European Chapter of the Association for Computational
Linguistics.

In this work, we build surrogate models based on a Bayesian Network that allow us
to test hypotheses on how a task (in our case, NLI) is solved. The Bayesian Network
models interactions between phrases of the premise and hypothesis in an interpretable
way, where its internal states can be translated to textual explanations via templates.

We compare the explanations generated with the surrogate models to the explanations
generated by few-shot-prompted GPT-3.5. We find that the explanations can take
similar shapes to the ones in the e-SNLI dataset, but that the performance of the
Bayesian Network model is too low to reach a high similarity to GPT-3.5 in quantitative
metrics. Due to the template-like structure of e-SNLI explanations, we do however
see the potential to better approximate the GPT-3.5 explanations and decisions with a
more sophisticated surrogate model.

5.6.2 Understanding Cross-Lingual Transfer

Another line of work analyses how cross-lingual transfer is done in LLMs. Two
papers have so far come out of this side project. The first one investigates if GPT-
3.5’s generations are language-specific or if the same capabilities are shared across
languages. In the second one, we perform extensive ablations on the contribution of
language adapters to zero-shot cross-lingual transfer.

Transfer of Capabilities across Languages: Frameworks and Evaluation

Oskar Holmström, Jenny Kunz, and Marco Kuhlmann (May 2023). “Bridging
the Resource Gap: Exploring the Efficacy of English and Multilingual LLMs for
Swedish”. In: Proceedings of the Second Workshop on Resources and Representations
for Under-Resourced Languages and Domains (RESOURCEFUL-2023). Tórshavn, the
Faroe Islands: Association for Computational Linguistics, pp. 92–110. URL: https:
//aclanthology.org/2023.resourceful-1.13.

In our first paper on cross-lingual transfer, we compare GPT-3.5’s English and Swedish
abilities concerning whether capabilities are shared across languages, or if distinct
submodels are activated depending on the input language.

We find that many capabilities are shared: With Swedish input, the performance is
relatively close to GPT-3.5 in English, and differences can in part be explained by trans-
lation errors from the evaluation set. As other LLMs with substantially more Swedish
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pre-training data have much more limited capabilities on the same tasks, we assume
that the Swedish submodel would either be too small or not have the appropriate
training data for these capabilities to be learned. Therefore we conclude that those
capabilities must be shared with or transferred to the lower-resource languages in the
model.

However, we still find a distinct behaviour of GPT-3.5 when prompted in Swedish as
compared to English. A small study with prompts that we hypothesise can trigger
culture-specific answers shows that indeed, the output reflects common cultural
practices of Sweden versus the United States of America. We conclude that the transfer
behaviour that GPT-3.5 shows is promising; with transfer happening where it is
desired but with specific outputs where appropriate.

Language Adapters as Modular Components

Jenny Kunz and Oskar Holmström (2024). The Impact of Language Adapters in Cross-
Lingual Transfer for NLU. arXiv: 2402.00149 [cs.CL]. URL: https://arxiv.
org/abs/2402.00149 To Appear at the First Workshop on Modular and Open
Multilingual NLP (MOOMIN) at the 18th Conference of the European Chapter of
the Association for Computational Linguistics.

In the second paper on cross-lingual transfer, we explore the effect of language adapters
when performing zero-shot transfer for natural language understanding tasks. Specifi-
cally, we train task adapters with the language adapter of the source language active
and exchange the source-language adapter against the target-language adapter at
evaluation time.

We perform an extensive set of ablations on the impact of the target-language adapters.
We observe that it is often possible to keep the source-language adapter at evaluation
time instead or even to remove the language adapter without substitution without a
strong negative effect. Sometimes, keeping the source-language adapter even outper-
forms using the target-language adapter. For the context of interpretable NLP, this
suggests that language adapters trained independently of the model do not play a
consistent, and thereby interpretable, role.
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6 Conclusion

In this final chapter, I will summarise the contributions of this thesis and set them into a
wider context in Section 6.1. Finally, in Section 6.2, I will provide an outlook concerning
current trends and developments in the field of interpretable and explainable NLP.

6.1 Summary

In this thesis, I have presented our contributions to enhancing interpretability tech-
niques and better understanding the properties of natural language explanations
generated by LLMs.

Our contributions to the field of interpretability focused on probing classifiers that
measure linguistic information that the internal representation of the model, often
from a specific layer, contains. We developed a framework for a rigid assessment of
the results of probing classifiers. A crucial distinction that we discuss in this paper is
if the probing classifier decodes information from the representation or if it learns the
probing task. We show that a classical argument why probes should not be able to
do the latter does not hold and that common restrictions to the probing methodology
are not able to make the distinction either. Building on these results, we developed
more challenging probing methods that focus on the ability of the probe to extrapolate
from easy to hard examples. We argue that as classifiers generally operate in an
interpolation setup, extrapolation capabilities would be an indication that the probe
has found generalisable features from the representation. We designed new evaluation
metrics that focus on modelling local information gains throughout the model and
each layer’s contribution to the model’s overall performance. This shifts the focus on
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where syntactic information is located in the model from the middle layers, where the
overall performance is the highest, to the earliest layers, which contribute the most
new information. Both the focus on extrapolation capabilities and the focus on local
information gains provide new perspectives to the probing method which can help us
to gain more robust insights.

In the field of explainability, we focused on the properties and utility of free-text
explanations generated by LLMs. We showed that human ratings, particularly of the
factual correctness of the explanations, are not indicative of the performance when
using the generated explanations in a downstream model. For the latter, including
more novel information in the explanations appears to be beneficial, but this comes at
the risk of including incorrect or irrelevant information, which human raters punish
decisively. We further examined which common properties of human explanations
are commonly reflected in LLM-generated explanations. The results of our annotation
study indicate that they often list incomplete sets of contributing reasons as well as
illustrative examples.

Interpretation and explanation methods can complement each other in shaping a better
understanding of LLMs. The former methods give us a high-level understanding of
how the individual tokens are contextualised and, layer for layer, form a representation
useful for many applications. The latter methods give us an idea of the context and
reasoning accessible to the model when making a prediction, even if the explanations
are not faithful to the model’s decision process. Together with an understanding
of the LLMs’ architecture and training objectives, such methods make it possible
to achieve a coarse understanding of the decision-making process and be able to
predict the models’ behaviour to a certain extent. This understanding is insufficient
to allow for the deployment of LLMs for high-stakes decisions without a human in
the loop. However, it has the potential to enable developers and users to make better
decisions on whether the model will be able to perform a certain task, whether its
decision-making is sufficiently robust, and how it can be improved.

6.2 Outlook

Finally, I outline some questions that I consider central for future work in interpretable
and explainable NLP, based on our research on these topics.

6.2.1 Understanding the Internal Processes of LLMs

Probing classifiers have given us valuable insights into how linguistic information is
structured within an LLM and how this representation is formed during the training of
the model. We have made contributions to this method in Papers I, II and III. However,
like with many other interpretability methods, as outlined in Chapter 3, those insights
are coarse and need to be interpreted relative to a baseline or to other models or
layers. An open question is if it is possible to reach a more general and fine-grained
understanding that is still comprehensible to human observers.

Recently, mechanistic interpretability has attracted the attention of many researchers,
with some successes reported on the reverse engineering of toy models. Large amounts
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of resources are flowing into this field from both industry and academia. As I discussed
in Chapter 3.3, results in NLP are so far focused on specific features rather than
algorithm discovery and are far from the declared goal of meaningfully explaining
decision-making in any real-world application. Whether even this field hits a wall
with toy tasks and standalone features or whether it can give us more fine-grained
mechanistic insights into how LLMs work remains to be seen.

6.2.2 Building LLMs that are More Interpretable by Design

Another promising line of research is building coarsely interpretable models without
losing the capabilities LLMs are appreciated for. Such models could be trained to
have modules that fulfill specific interpretable functions. Pfeiffer et al. (2022) have
successfully employed such a modular approach for language modules in encoder
models. Unlike our own experiments with language adapters trained post-hoc, as
summarised in Section 5.6.2, such modules that are present already at pre-training
time may be an isolated encapsulation of a specific property. It would be insightful,
although more complex, to test a similar approach for capabilities other than handling
different input languages. Such models are not fully explainable in that all details of
the decision-making process are comprehensible but offer many insights that are not
possible with LLMs by being more controllable as they allow for targeted interventions.

6.2.3 Targeted Explanations that Consider the User’s Needs

As we have outlined in Papers IV and V, explanations can have different goals and
target groups, and properties beneficial for one user group can be disadvantageous
for another. However, research that explicitly states the intended target group for the
explanations, let alone specifies their needs, is sparse in explainable NLP research.
This ignorance contributes to the fact that currently, end users of the systems rarely
engage with explanations and either ignore the system’s recommendations entirely or
blindly follow its predictions (Miller 2023). It has become clear that it is not sufficient
for researchers and developers to follow their intuitions on how to design explainable
systems (maybe unless the target group is themselves). Therefore, two challenges
need to be solved: First, the technical challenge to make generated explanations reflect
the decision-making process to an extent sufficient for the problem. And second, the
challenge to design the explainable system in a way that reflects the actual target
group’s needs and is accessible to them.
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Hanna, Michael and Ondřej Bojar (Nov. 2021). “A Fine-Grained Analysis
of BERTScore”. In: Proceedings of the Sixth Conference on Machine Transla-
tion. Online: Association for Computational Linguistics, pp. 507–517. URL:
https://aclanthology.org/2021.wmt-1.59.

Harnad, Stevan (1990). “The symbol grounding problem”. In: Physica D:
Nonlinear Phenomena 42.1-3, pp. 335–346.

Harris, Zellig S. (1954). “Distributional Structure”. In: <i>WORD</i> 10.2-3,
pp. 146–162. DOI: 10.1080/00437956.1954.11659520.

Hase, Peter, Shiyue Zhang, Harry Xie, and Mohit Bansal (Nov. 2020). “Leakage-
Adjusted Simulatability: Can Models Generate Non-Trivial Explanations
of Their Behavior in Natural Language?” In: Findings of the Association for
Computational Linguistics: EMNLP 2020. Online: Association for Computa-
tional Linguistics, pp. 4351–4367. DOI: 10.18653/v1/2020.findings-
emnlp.390. URL: https://aclanthology.org/2020.findings-
emnlp.390.

He, Xuanli, Yuxiang Wu, Oana-Maria Camburu, Pasquale Minervini, and
Pontus Stenetorp (2023). Using Natural Language Explanations to Improve
Robustness of In-context Learning for Natural Language Inference. arXiv: 2311.
07556 [cs.CL].

Hewitt, John and Percy Liang (Nov. 2019). “Designing and Interpreting Probes
with Control Tasks”. In: Proceedings of the 2019 Conference on Empirical Meth-
ods in Natural Language Processing and the 9th International Joint Conference
on Natural Language Processing (EMNLP-IJCNLP). Hong Kong, China: As-
sociation for Computational Linguistics, pp. 2733–2743. DOI: 10.18653/
v1/D19-1275. URL: https://aclanthology.org/D19-1275.

Hewitt, John and Christopher D. Manning (June 2019). “A Structural Probe
for Finding Syntax in Word Representations”. In: Proceedings of the 2019
Conference of the North American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies, Volume 1 (Long and Short
Papers). Minneapolis, Minnesota: Association for Computational Linguis-
tics, pp. 4129–4138. DOI: 10.18653/v1/N19-1419. URL: https://
aclanthology.org/N19-1419.

Hochreiter, Sepp and Jürgen Schmidhuber (1997). “Long short-term memory”.
In: Neural computation 9.8, pp. 1735–1780.

Holmström, Oskar, Jenny Kunz, and Marco Kuhlmann (May 2023). “Bridg-
ing the Resource Gap: Exploring the Efficacy of English and Multilin-
gual LLMs for Swedish”. In: Proceedings of the Second Workshop on Re-
sources and Representations for Under-Resourced Languages and Domains
(RESOURCEFUL-2023). Tórshavn, the Faroe Islands: Association for Com-

61



BIBLIOGRAPHY

putational Linguistics, pp. 92–110. URL: https://aclanthology.org/
2023.resourceful-1.13.

Hong, Ruixin, Hongming Zhang, Xintong Yu, and Changshui Zhang (July
2022). “METGEN: A Module-Based Entailment Tree Generation Frame-
work for Answer Explanation”. In: Findings of the Association for Compu-
tational Linguistics: NAACL 2022. Seattle, United States: Association for
Computational Linguistics, pp. 1887–1905. DOI: 10.18653/v1/2022.
findings-naacl.145. URL: https://aclanthology.org/2022.
findings-naacl.145.

Howard, Jeremy and Sebastian Ruder (July 2018). “Universal Language Model
Fine-tuning for Text Classification”. In: Proceedings of the 56th Annual Meet-
ing of the Association for Computational Linguistics (Volume 1: Long Papers).
Melbourne, Australia: Association for Computational Linguistics, pp. 328–
339. DOI: 10.18653/v1/P18-1031. URL: https://aclanthology.
org/P18-1031.

Hsieh, Yu-Lun, Minhao Cheng, Da-Cheng Juan, Wei Wei, Wen-Lian Hsu, and
Cho-Jui Hsieh (July 2019). “On the Robustness of Self-Attentive Mod-
els”. In: Proceedings of the 57th Annual Meeting of the Association for Com-
putational Linguistics. Florence, Italy: Association for Computational Lin-
guistics, pp. 1520–1529. DOI: 10.18653/v1/P19-1147. URL: https:
//aclanthology.org/P19-1147.

Hupkes, Dieuwke, Mario Giulianelli, Verna Dankers, Mikel Artetxe, Yanai
Elazar, Tiago Pimentel, Christos Christodoulopoulos, Karim Lasri, Naomi
Saphra, Arabella Sinclair, et al. (2022). “State-of-the-art generalisation re-
search in NLP: a taxonomy and review”. In: arXiv preprint arXiv:2210.03050.

Hupkes, Dieuwke, Sara Veldhoen, and Willem Zuidema (2017). “Visualisation
and ‘Diagnostic Classifiers’ Reveal how Recurrent and Recursive Neural
Networks Process Hierarchical Structure.” In: Interpreting, Explaining and
Visualizing Deep Learning, NIPS2017.

Ilyas, Andrew, Shibani Santurkar, Dimitris Tsipras, Logan Engstrom, Bran-
don Tran, and Aleksander Madry (2019). “Adversarial Examples Are Not
Bugs, They Are Features”. In: Advances in Neural Information Processing
Systems. Ed. by H. Wallach, H. Larochelle, A. Beygelzimer, F. d’Alché-
Buc, E. Fox, and R. Garnett. Vol. 32. Curran Associates, Inc. URL: https:
//proceedings.neurips.cc/paper_files/paper/2019/file/
e2c420d928d4bf8ce0ff2ec19b371514-Paper.pdf.

Jacovi, Alon and Yoav Goldberg (July 2020). “Towards Faithfully Interpretable
NLP Systems: How Should We Define and Evaluate Faithfulness?” In:
Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics. Online: Association for Computational Linguistics, pp. 4198–
4205. DOI: 10.18653/v1/2020.acl-main.386. URL: https://
aclanthology.org/2020.acl-main.386.

Jain, Sarthak and Byron C. Wallace (June 2019). “Attention is not Explanation”.
In: Proceedings of the 2019 Conference of the North American Chapter of the As-

62



Bibliography

sociation for Computational Linguistics: Human Language Technologies, Volume
1 (Long and Short Papers). Minneapolis, Minnesota: Association for Compu-
tational Linguistics, pp. 3543–3556. DOI: 10.18653/v1/N19-1357. URL:
https://aclanthology.org/N19-1357.

Jawahar, Ganesh, Benoit Sagot, and Djame Seddah (July 2019). “What Does
BERT Learn about the Structure of Language?” In: Proceedings of the 57th
Annual Meeting of the Association for Computational Linguistics. Ed. by Anna
Korhonen, David Traum, and Lluis Marquez. Florence, Italy: Association
for Computational Linguistics, pp. 3651–3657. DOI: 10.18653/v1/P19-
1356. URL: https://aclanthology.org/P19-1356.

Ji, Ziwei, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan Su, Yan Xu, Etsuko
Ishii, Ye Jin Bang, Andrea Madotto, and Pascale Fung (2023). “Survey of
Hallucination in Natural Language Generation”. In: ACM Comput. Surv.
55.12. ISSN: 0360-0300. DOI: 10.1145/3571730. URL: https://doi.
org/10.1145/3571730.

Jie, Zhanming, Jierui Li, and Wei Lu (May 2022). “Learning to Reason Deduc-
tively: Math Word Problem Solving as Complex Relation Extraction”. In:
Proceedings of the 60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). Dublin, Ireland: Association for Com-
putational Linguistics, pp. 5944–5955. DOI: 10.18653/v1/2022.acl-
long.410. URL: https://aclanthology.org/2022.acl-long.
410.

Karpathy, Andrej, Justin Johnson, and Li Fei-Fei (2015). “Visualizing and
Understanding Recurrent Networks”. In: CoRR abs/1506.02078. arXiv:
1506.02078. URL: http://arxiv.org/abs/1506.02078.

Keil, Frank C (2006). “Explanation and understanding”. In: Annual review
of psychology 57, p. 227. DOI: 10.1146/annurev.psych.57.102904.
190100. URL: https://www.annualreviews.org/doi/10.1146/
annurev.psych.57.102904.190100.

Kiperwasser, Eliyahu and Yoav Goldberg (2016). “Simple and Accurate De-
pendency Parsing Using Bidirectional LSTM Feature Representations”. In:
Transactions of the Association for Computational Linguistics 4, pp. 313–327.
DOI: 10.1162/tacl_a_00101. URL: https://aclanthology.org/
Q16-1023.
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