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“It has to start somewhere,
it has to start sometime.

What better place than here,
what better time than now?”

Guerrilla Radio
—Rage Against the Machine
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Abstract
Language is at the heart of human interaction, shaping how we express our-
selves, convey emotions, organise and engage in society. Speaking, writing,
and reading are integral to everyday life, making language a primary tool for
communication. Language Models (LMs) are probabilistic, machine learn-
ing models that learn from natural language data to predict, generate, and
communicate effectively in human-like ways. Unlike earlier machine learn-
ing models, LMs serve as general-purpose text interfaces, applicable across
a wide range of tasks, from machine translation to question answering to
toxicity detection. Given their ease of use and versatility, LMs have become
central to many everyday applications, powering services people interact with
daily, often without realizing it. As these systems increasingly mediate hu-
man interactions, understanding their potential risks is crucial to ensuring
they deliver inclusive and equitable technology for all users.

Throughout this thesis, we explore LMs in depth, examining their capa-
bilities, potential applications, and the risks they pose. In particular, the first
part investigates the nuanced relationship between bias and fairness, high-
lighting their distinction as separate phenomena. It then provides a detailed
evaluation of biases and fairness metrics as applied to language models across
various contexts: First, we investigate whether multilingual LMs truly pro-
vide equal performance across languages,examining the responses given for
a simple fill-in-the-gap task; Second, we acknowledge the subjectivity of ra-
tionales (explanations) and study whether the rationales provided by models
exhibit bias and influence their perceived fairness. Here, we focus on expla-
nations for classification tasks and compare users’ and models’ rationales, re-
vealing that models’ explanations often align more closely with opinions from
certain social groups; Finally, we extend our analysis to vision-and-language
models, tracking how gender bias emerges and evolves from pretrained mod-
els to downstream tasks.

The second part of this work takes a more direct user-centric approach
by exploring two practical applications of LMs: offensive language detection
and medical question answering. These chapters highlight the potential of
LMs to improve real-world scenarios.

All things considered, this thesis has contributed to advancing our under-
standing of the capabilities and limitations of LMs, as well as to construct a
more comprehensive narrative of their societal impact.
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Resumé
Sprog er kernen i menneskelige interaktioner og former, hvordan vi udtrykker
os, formidler følelser og organiserer og engagerer os i samfundet. At tale,
skrive og læse er en integreret del af hverdagen, hvilket gør sproget til det
primære kommunikationsredskab. Sprogmodeller (LM’er) er probabilistiske
maskinlæringsmodeller, der lærer af data til at forudsige, generere og kom-
munikere effektivt på menneskelignende måder. I modsætning til tidligere
maskinlæringsmodeller præsenteres LM’er som generelle tekst-baserede kon-
taktflader, der kan anvendes på tværs af en lang række opgaver; fra maski-
noversættelse, til besvarelse af spørgsmål og til detektering af toksicitet. På
grund af deres brugervenlighed og alsidighed er LM’er blevet centrale for
mange hverdagsapplikationer og driver tjenester, som folk interagerer med
dagligt, ofte uden at være klar over det. Da disse systemer i stigende grad
formidler menneskelige interaktioner, er det afgørende at forstå deres poten-
tielle risici for at sikre, at de leverer inkluderende og ligeværdig teknologi til
alle brugere.

Gennem denne afhandling undersøger vi LM’er i dybden og afsøger deres
muligheder, potentielle anvendelser og de risici, de udgør. Den første del af
afhandlingen undersøger det nuancerede forhold mellem bias og fairness og
fremhæver deres skelnen som separate fænomener. Derefter giver den en de-
taljeret evaluering af skævheder og retfærdighedsmålinger, som anvendes på
sprogmodeller på tværs af forskellige sammenhænge: Først undersøger vi, om
flersprogede LM’er leder til ens præstationer på tværs af sprog gennem en un-
dersøgelse af de svar, der er givet for en simpel cloze-test; Dernæst anerkender
vi rationalernes subjektivitet (forklaringer) og undersøger, om rationalerne
fra modellerne udviser bias som påvirker deres opfattelse af retfærdighed.
Her fokuserer vi på forklaringer på klassifikationsopgaver og sammenligner
brugeres rationaler med modellernes og afslører, at modellernes forklaringer
ofte stemmer mere overens med meninger fra bestemte sociale grupper; En-
deligt udvider vi vores analyse til billede-og-sprog-modeller og sporer, hvor-
dan kønsbias opstår og udvikler sig fra præ-trænede modeller til downstream
evaluering.

Den anden del af afhandlingen tager en mere direkte brugercentreret til-
gang ved at udforske to praktiske anvendelser af LM’er: detektering af stø-
dende sprog og besvarelse af medicinske spørgsmål. Disse kapitler fremhæver
LM’ers potentiale til at forbedre konkrete opgaver i den virkelige verden.
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Alt i alt har denne afhandling bidraget til at fremme vores forståelse af
LM’ers muligheder og begrænsninger samt til at konstruere en mere omfat-
tende fortælling om deres samfundsmæssige indvirkning.

iv



Acknowledgements
What an incredible journey this has been. Honestly, doing a PhD has been a
wonderful experience for me. For that I have to thank first and foremost my
research group, CoAStaL. Thank you all for the countless thought-provoking
discussions, always encouraging curiosity and inspiring new perspectives. A
special mention goes to Constanza, Rita, Stephanie and Yova. Thank you for
keeping things fun and easygoing, I feel exceptionally lucky to have shared
these years with you. And Seolhwa, thank you for a lovely friendship filled
with warmth, laughter, foodie adventures and endless conversations.

Of course, none of this would have been possible without the support of
my supervisor, Anders Søgaard. Anders, thank you for believing in me, your
encouragement and endless optimism (and I really do mean endless). Thank
you Desmond and Daniel for helping me to develop as a researcher too. I
am also grateful to all my collaborators for giving me the opportunity to
learn from them and grow together. In general, I would also like to thank
everyone I have met during my PhD who has made my time in Copenhagen
truly unforgettable. While I can’t name each of you, please know that I
deeply value and appreciate your role in this chapter of my life.

A big thank you to my family for always supporting me and providing
me with a nurturing education. Eva, thank you for bringing that special
spark and a touch of spice to life. And thank you, Borja, for being my rock
through the highs and, especially, the lows.

v



List of Publications
This is an article-based thesis. The content of the articles remains largely the
same as in their original publications, with only minor changes such as the
correction of typos and the reformatting of tables and figures for consistency.
The following articles are included as chapters in the thesis, in the order they
appear:

Laura Cabello, Anna Katrine Jørgensen, and Anders Søgaard. On
the independence of association bias and empirical fairness in lan-
guage models. In Proceedings of the 2023 ACM Conference on Fair-
ness, Accountability, and Transparency, FAccT ’23, pages 370–378,
New York, NY, USA, June 2023b. Association for Computing Ma-
chinery. ISBN 9798400701924. doi: 10.1145/3593013.3594004. URL
https://doi.org/10.1145/3593013.3594004

Laura Cabello Piqueras and Anders Søgaard. Are pretrained multilin-
gual models equally fair across languages? In Proceedings of the 29th In-
ternational Conference on Computational Linguistics, pages 3597–3605,
Gyeongju, Republic of Korea, October 2022. International Committee
on Computational Linguistics. URL https://aclanthology.org/2022.
coling-1.318

Terne Sasha Thorn Jakobsen, Laura Cabello, and Anders Søgaard. Be-
ing right for whose right reasons? In Proceedings of the 61st Annual
Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers), pages 1033–1054, Toronto, Canada, July 2023. Associa-
tion for Computational Linguistics. doi: 10.18653/v1/2023.acl-long.59.
URL https://aclanthology.org/2023.acl-long.59

Laura Cabello, Emanuele Bugliarello, Stephanie Brandl, and Desmond
Elliott. Evaluating Bias and Fairness in Gender-Neutral Pretrained
Vision-and-Language Models. In Proceedings of the 2023 Confer-
ence on Empirical Methods in Natural Language Processing, pages
8465–8483, Singapore, December 2023a. Association for Computa-
tional Linguistics. doi: 10.18653/v1/2023.emnlp-main.525. URL
https://aclanthology.org/2023.emnlp-main.525

Li Zhou, Laura Cabello, Yong Cao, and Daniel Hershcovich. Cross-
cultural transfer learning for Chinese offensive language detection. In

vi

https://doi.org/10.1145/3593013.3594004
https://aclanthology.org/2022.coling-1.318
https://aclanthology.org/2022.coling-1.318
https://aclanthology.org/2023.acl-long.59
https://aclanthology.org/2023.emnlp-main.525


Proceedings of the First Workshop on Cross-Cultural Considerations in
NLP (C3NLP), pages 8–15, Dubrovnik, Croatia, May 2023b. Associa-
tion for Computational Linguistics. doi: 10.18653/v1/2023.c3nlp-1.2.
URL https://aclanthology.org/2023.c3nlp-1.2

Laura Cabello, Carmen Martin-Turrero, Uchenna Akujuobi, Anders
Søgaard, and Carlos Bobed. MEG: Medical Knowledge-Augmented
Large Language Models for Question Answering. Under review, 2024

I was also involved in the following publications that are not included in
this thesis:

Daniel Hershcovich, Stella Frank, Heather Lent, Miryam de Lhoneux,
Mostafa Abdou, Stephanie Brandl, Emanuele Bugliarello, Laura Ca-
bello Piqueras, Ilias Chalkidis, Ruixiang Cui, Constanza Fierro, Ka-
terina Margatina, Phillip Rust, and Anders Søgaard. Challenges and
strategies in cross-cultural NLP. In Proceedings of the 60th Annual
Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers), pages 6997–7013, Dublin, Ireland, May 2022. Associ-
ation for Computational Linguistics. doi: 10.18653/v1/2022.acl-long.
482. URL https://aclanthology.org/2022.acl-long.482

Laura Cabello Piqueras, Constanza Fierro, Jonas F. Lotz, Phillip Rust,
Joen Rommedahl, Jeppe Klok Due, Christian Igel, Desmond Elliott,
Carsten B. Pedersen, Israfel Salazar, and Anders Søgaard. Date recog-
nition in historical parish records. In Frontiers in Handwriting Recog-
nition, pages 49–64, Cham, 2022. Springer International Publishing.
ISBN 978-3-031-21648-0. URL https://link.springer.com/chapter/10.
1007/978-3-031-21648-0_4

Yong Cao, Li Zhou, Seolhwa Lee, Laura Cabello, Min Chen, and Daniel
Hershcovich. Assessing cross-cultural alignment between ChatGPT and
human societies: An empirical study. In Proceedings of the First Work-
shop on Cross-Cultural Considerations in NLP (C3NLP), pages 53–67,
Dubrovnik, Croatia, May 2023. Association for Computational Linguis-
tics. doi: 10.18653/v1/2023.c3nlp-1.7. URL https://aclanthology.org/
2023.c3nlp-1.7

vii

https://aclanthology.org/2023.c3nlp-1.2
https://aclanthology.org/2022.acl-long.482
https://link.springer.com/chapter/10.1007/978-3-031-21648-0_4
https://link.springer.com/chapter/10.1007/978-3-031-21648-0_4
https://aclanthology.org/2023.c3nlp-1.7
https://aclanthology.org/2023.c3nlp-1.7


Oliver Eberle, Ilias Chalkidis, Laura Cabello, and Stephanie Brandl.
Rather a Nurse than a Physician - Contrastive Explanations under In-
vestigation. In Houda Bouamor, Juan Pino, and Kalika Bali, editors,
Proceedings of the 2023 Conference on Empirical Methods in Natu-
ral Language Processing, pages 6907–6920, Singapore, December 2023.
Association for Computational Linguistics. doi: 10.18653/v1/2023.
emnlp-main.427. URL https://aclanthology.org/2023.emnlp-main.427

Laura Cabello and Uchenna Akujuobi. It is Simple Sometimes: A
Study On Improving Aspect-Based Sentiment Analysis Performance.
In Lun-Wei Ku, Andre Martins, and Vivek Srikumar, editors, Findings
of the Association for Computational Linguistics: ACL 2024, pages
6597–6610, Bangkok, Thailand, August 2024. Association for Com-
putational Linguistics. doi: 10.18653/v1/2024.findings-acl.394. URL
https://aclanthology.org/2024.findings-acl.394

viii

https://aclanthology.org/2023.emnlp-main.427
https://aclanthology.org/2024.findings-acl.394


Table of Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii
Resumé . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . v
List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

1 Introduction 1
1.1 Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

I Social Biases & Fairness in Language Models 13

2 On the Independence of Association Bias and Empirical Fair-
ness in Language Models 15
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2 Definitions and Related Work . . . . . . . . . . . . . . . . . . 18
2.3 Association Bias and Empirical Fairness are Independent (in

Theory) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.4 Association Bias and Empirical Fairness Scores are Uncorre-

lated (in Practice) . . . . . . . . . . . . . . . . . . . . . . . . 24
2.5 Association Bias and Empirical Fairness are Sometimes at

Odds (in Humans) . . . . . . . . . . . . . . . . . . . . . . . . 30
2.6 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . 31
2.7 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3 Are Pretrained Multilingual Models Equally Fair across Lan-
guages? 34
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

ix



3.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . 37
3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.5 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.7 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.8 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4 Being Right for Whose Right Reasons? 52
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.2 Fairness and Rationales . . . . . . . . . . . . . . . . . . . . . 54
4.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
4.5 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . 63
4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
4.7 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5 Evaluating Bias and Fairness in Gender-Neutral Pretrained
Vision-and-Language Models 83
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
5.3 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 87
5.4 Measuring Bias in V&L Models . . . . . . . . . . . . . . . . . 88
5.5 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . 91
5.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
5.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.8 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

II Applications of Language Models 115

6 Cross-Cultural Transfer Learning for Chinese Offensive Lan-
guage Detection 117
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
6.2 Related work . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
6.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
6.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

x



7 MEG: Medical Knowledge-Augmented Large Language
Models for Question Answering 128
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
7.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
7.3 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 131
7.4 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
7.5 Experimental Details . . . . . . . . . . . . . . . . . . . . . . . 138
7.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
7.7 Analysis and Discussion . . . . . . . . . . . . . . . . . . . . . 147
7.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

III Conclusion 149

8 Discussion 151

Bibliography 154

xi



Chapter 1

Introduction

The idea of Artificial Intelligence (AI) began to captivate public imagination
in the early 20th century. Science fiction movies introduced characters like
the humanoid robot Maria in Metropolis or Gort in The Day the Earth Stood
Still, exploring themes of mechanized intelligence and human-like machines.
By the fifties, a generation of scientists, mathematicians, and philosophers
had culturally assimilated the concept of AI1, perhaps due to the influence of
sci-fi cinema, and started the transition of these imaginative ideas into tangi-
ble realities. Alan Turing proposed a theoretical framework for constructing
intelligent machines and evaluating their intelligence (Turing, 1950) in a for-
mal attempt to answer the question “Can machines think?”. Around the same
time, Claude Shannon introduced the foundational principles of information
theory (Shannon, 1948), establishing methods to quantify the predictability
of symbols within a communication channel. These principles became instru-
mental in the development of statistical language modelling. Together, these
groundbreaking contributions laid the theoretical foundation for decades of
research in machine learning and continue to profoundly shape the evolution
of modern AI systems2.

Significant advancements in algorithm design, coupled with break-
throughs in hardware design —such as expanded computer storage and
increased processing speeds—, have enabled the development of increasingly
powerful AI systems. By October 2024, these breakthroughs culminated in

1sitn.hms.harvard.edu/flash/2017/history-artificial-intelligence/
2We agree with Basdevant et al. (2024)’s framework for AI systems, which encompasses

infrastructure components such as storage, model elements such as datasets, code, and
model weights, as well as product and user experience (UX) considerations.

1
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Chapter 1 | Introduction

global recognition when the Royal Swedish Academy of Sciences awarded
the Nobel Prizes in Physics and Chemistry to work directly related to AI.
The Nobel Prize in Physics was awarded to John J. Hopfield and Geoffrey
E. Hinton for their transformative contributions that “enable machine
learning with artificial neural networks” (Nobel Prize Outreach AB, 2024b).
The Nobel Prize in Chemistry recognized Demis Hassabis and John M.
Jumper for their pioneering work in creating an AI algorithm that solved
a decades-long challenge in predicting protein structures, alongside the
scientist David Baker, for his work in designing new proteins (Nobel Prize
Outreach AB, 2024a). The historic announcement of these Nobel Prizes for
AI-related work has sparked numerous discussions in mainstream media34

about their implications in science, medicine, and society. At the same
time, the laureates have also acknowledged important ethical aspects of
AI that must be considered (Li and Gilbert, 2024). We align with the
cautionary perspective and, throughout this thesis, systematically highlight
the potential risks associated with the use of language models (LMs).

Closer to the subfield of Natural Language Processing (NLP), language
models, once purely theoretical constructs, have evolved into transformative
tools deeply integrated into modern society (Naveed et al., 2024). Millions of
people are using general-purpose AI systems based on large language models
(LLMs) as they have become the backbone of numerous real-world applica-
tions. They are now used to track public opinion on politicians and products
(Nissim et al., 2020), to moderate online content (Winchcomb, 2019; Kumar
et al., 2024), and to power conversational bots (OpenAI, 2024; Gemini Team
Google, 2024). However, their widespread use also raises important questions
about their safe development and impact on society. How do these systems
navigate the complexities of language diversity and cultural contexts? Are
they promoting social inequalities? And, if so, what are the broader impli-
cations of these inequalities?

This dissertation explores the multifaceted dimensions of language mod-
els. We study the behaviour of LMs to deepen our understanding of the biases
they encode, their impact on users, and ultimately, how LMs can be effec-
tively applied in real-world applications. Early research in NLP led to models
based on deep neural networks that were specialized in specific tasks (LeCun
et al., 2015), such us translation (Sutskever et al., 2014) or summarisation

3www.nytimes.com/2024/10/13/briefing/nobel-prize-artificial-intelligence.html
4www.economist.com/science-and-technology/2024/10/10/ai-wins-big-at-the-nobels

2
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Chapter 1 | Introduction

(Gambhir and Gupta, 2017). The models examined in this thesis are based
on the more recent Transformer architecture (Vaswani et al., 2017b), and
commonly follow a two-step learning strategy. Models are initially trained
during the pretraining stage. The goal of pretraining an LM is to leverage
large, unlabelled data sources to learn a general understanding of the world
by predicting words or sentences in a way that captures the structure, se-
mantics, and context of text. Pretraining requires substantial computational
and financial resources to train increasingly large models on vast amounts of
data. While academia has made significant technical contributions, the de-
velopment of these foundation models is predominantly driven by industrial
labs due to the high costs involved (Bommasani et al., 2022). As a result,
the academic researchers have increasingly focused on probing the represen-
tations learned by these models to gain deeper insights into their capabilities
and limitations. This phase provides the model with a broad foundation of
linguistic knowledge that can be adapted for specific tasks later, in what is
known as fine-tuning.

We engage in and advance the ongoing discussion on developing inclusive
and equitable NLP technologies. Specifically, our research interest aims at
understanding LM’s representations from a “bias” point of view and their
use across diverse social groups (Part I). We complement this study with an
analysis of two popular use cases of LMs, namely content moderation and
medical question answering (Part II), and a discussion of potential implica-
tions for ongoing and future research (Part III).

1.1 Definitions
As highlighted by Blodgett et al. (2020), Mehrabi et al. (2021), and Gallegos
et al. (2024), NLP research often provides vague or inconsistent definitions
of bias, or simply omits their explicit conceptualisations. To avoid com-
mon misconceptions, we outline the key definitions of bias and fairness used
throughout this thesis.

A widely accepted definition of bias in NLP originates from Crawford’s
NeurIPS keynote in 2017, where she described it as a “skew that produces
a type of harm” towards different social groups. Building on this definition,
social bias serves as an umbrella term encompassing any form of disparate
treatment between social groups stemming from historical and structural
power imbalances (Gallegos et al., 2024). We can arguably say that early re-

3



Chapter 1 | Introduction

search addressing NLP bias mostly focused on measuring social bias through
word associations, i.e., systematic differences in how words and phrases re-
ferring to demographic groups are represented in a model.

In this context, we define a social group as a segment of the population
that shares a common identity trait —referred to as sensitive or protected
attribute— which can be fixed, situational, or socially constructed. Pro-
tected attributes are typically demographic in nature, encompassing char-
acteristics such as gender, race, ethnicity, age, socioeconomic status, and
geographic location. For instance, gender and race are protected attributes
well studied in NLP literature (Field et al., 2021; Stanczak and Augenstein,
2021) that we examine in Chapter 3, 4 and 5.

In general, inequalities —or disparate outcomes— between social groups
are common across societies. As a result, data used to train models and
inform decision-making processes often mirror the social biases of those who
create or collect the data (Chang et al., 2019; Mehrabi et al., 2021); and, as
Barocas and Selbst (2016) put it, an algorithm is only as good as the data
it works with. To illustrate this phenomenon, we take arrest outcomes as an
example. Arrest decisions depend on the discretion of patrol officers, who
determine which individuals to investigate and whether specific behaviours
qualify as crimes. Bunting et al. (2013) reported that between 2001 and 2010
in the United States, black and white people used marijuana at similar rates,
yet black individuals were nearly four times more likely to be arrested for
marijuana possession. By simply looking at police reports, one might mistak-
enly conclude that black people are more likely to commit this type of crime,
when in reality, the detention rates reflected in these reports are themselves
biased. Schramowski et al. (2022); Navigli et al. (2023) and Cabello et al.
(2023a), amongst others, show that models trained on human-generated data
can inherit, perpetuate and even exacerbate social biases leading to harmful
consequences. Moreover, the use of biased data can perpetuate stereotypes
(Nadeem et al., 2021) and create self-reinforcing cycles, such that, for in-
stance, a proactive intensified policing in certain high-crime neighbourhoods
can amplify disparities in rates of arrest across groups, which may in turn
perpetuate the conditions that lead to increased crime in these areas (Behav,
2017).

The societal impact of language models has prompted researchers to in-
vestigate not only their biases but also the fairness of their applications
(Barocas et al., 2019). The concept of fairness has long been a central theme
in fields such as psychology, philosophy, and the social sciences (Goff, 1983;
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Robeyns, 2009). John Rawls’ philosophy is a prime example. In his seminal
work, “A theory of Justice” (Rawls, 1971), Rawls argues that social institu-
tions must be fair to all members of society, regardless of their background
and circumstances. He outlines his framework for distributive justice as fol-
lows.

Social and economic inequalities are to be arranged so that
they are both:

a) to the greatest benefit of the least advantaged, consistent with
the just savings principle, and

b) attached to offices and positions open to all under conditions
of fair equality of opportunity.

Principle a), often referred to as the Difference Principle, does not enforce
strict quality but instead calls for maximizing the “benefit of the least advan-
taged”. Principle b) refers to “equality of opportunity”, which means that one
action is preferred over another only if its true quality is superior. Despite
the widespread adoption of Rawlsian fairness, it has also faced significant
criticism across disciplines, especially the Difference Principle. Examples of
such critiques include the focus on an abstract worst-off group rather than
specific social groups or individuals (Altham, 1973); extreme risk aversion
(Mueller et al., 1974)5, and more recently, the existence of loopholes that
may inadvertently exacerbate inequality (Jørgensen and Søgaard, 2023). In
response to the significant number of critiques received, John Rawls presented
a restatement (Rawls, 2001) adding further thought to his earlier theory of
justice. This restatement as well as both his critics and supporters agree on
the important idea of achieving justice through fairness.

Defining fairness in NLP is a challenging task that requires an under-
standing of its interdisciplinary nature and intricate nuances. Dwork et al.
was amongst the first to introduce the fairness debate to computer science.
Dwork et al. (2012) argued that computational systems which satisfy some
definition of group fairness can still yield fairness related harms for people

5The Difference Principle corresponds to the maximin strategy in game theory. Ac-
cording to Mueller et al. (1974), Rawls assumes an extreme degree of risk aversion as he
“ignores information concerning the alternative payoffs to all citizens except the worst-off
under each strategy.”
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belonging to those groups. This argument has been discussed by many oth-
ers since then (Joseph et al., 2016; Corbett-Davies et al., 2024), forming an
ongoing debate about individual fairness and group fairness. In Part I, we fo-
cus on group fairness, which aims to ensure equal treatment of individuals
regardless of their group membership—as opposed to individual fairness,
which would focus on ensuring that similar individuals are treated similarly.

In general, fairness has multiple context-dependent, and sometimes even
conflicting, theoretical understandings (Hutchinson and Mitchell, 2019; Mi-
coni, 2017; Jacobs and Wallach, 2021). We deliberately avoid delving into the
diversity of fairness definitions and generally adopt a pragmatic approach to
investigating fairness, aligning with John Rawls’ theory of distributive justice
and stability. We define fairness as equal performance across social groups67.
In this definition, we understand performance —e.g., in terms of predictive
accuracy— as a resource to be allocated.

While we offer a set of definitions here and in the relevant chapters,
we acknowledge that the concepts of “bias” and “fairness” are inherently
normative and subjective, which often depend on context and culture. We
specifically define fairness and related notions within the context of each
chapter.

1.2 Measures
Research on mitigating bias is often driven by fairness concerns. Researchers
have, for example, measured social bias to ensure fairness or assume that bias
causes unfairness. However, as we have emphasized above, bias and fairness
are distinct concepts, and the metrics used to evaluate them should not be
conflated. Part of the confusion likely stems from the lack of rigorous defini-
tions and processes for detecting and measuring model biases (and fairness)
(Blodgett et al., 2020; Oneto and Chiappa, 2020; Castelnovo et al., 2022c).
This makes it challenging to understand what bias metrics actually measure
and, ultimately, raises questions about whether observed differences in results
are due to analytical errors or the design choices behind these metrics.

6This definition specifically frames the narrower concept of empirical fairness.
Throughout the remainder of this thesis, we will primarily refer to the empirical aspect,
even when using the term fairness alone.

7Consequently, unfairness is defined as differences in performance across social groups
that could potentially lead to unfair and discriminatory decision-making.
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Here, we summarise the shared aspects covered in Part I regarding bias
and fairness measurements. The specific metrics and context are introduced
in each chapter. This common background does not directly apply to Part II,
as Part II focuses on the task performance of specific applications rather
than unfair outcomes. Measurements used in Part II are based on predictive
accuracy and F1-scores.

Measuring Bias Surveys of Blodgett et al. (2020); Mehrabi et al. (2021),
and Czarnowska et al. (2021) contribute to the “bias and fairness” narrative,
acknowledging the intertwined relationship between the two. Sheng et al.
(2021) and Dev et al. (2022) discuss general trends on evaluating biases
in language models; specifically, Dev et al. (2022) provides a taxonomy that
enable direct comparisons between bias metrics and points out to what harms
are being measured.

A common framework for evaluating the bias in an LM involves broadly
classifying metrics as either intrinsic or extrinsic, depending on whether
they assess biases during the language model’s pre-training stage or within
a specific downstream task. As written in Chapter 2, intrinsic metrics are
typically applied to word representations and relate bias to the geometry of
the embedding space, while extrinsic metrics quantify biases in model predic-
tions for a specific task, e.g., sentiment classification (Cabello et al., 2023b).
However, the relationship between these type of biases remains unclear. Nu-
merous studies (Goldfarb-Tarrant et al., 2021; Delobelle et al., 2021; Kaneko
et al., 2022; Cao et al., 2022; Orgad et al., 2022) indicate that intrinsic bias in
language models does not consistently align with bias measured extrinsically
in downstream tasks or with empirical fairness (Shen et al., 2022; Cabello
et al., 2023b).

In this thesis, we operationalise intrinsic bias through representational
bias (Crawford, 2017), which occurs when a model captures associations
between a protected attribute (e.g., gender) and specific concepts (e.g., job
titles) within its embedding space (Beukeboom, 2014). This is, we aim at
quantifying systematic differences in representations of demographic groups
encoded in the embedding space of the models. Specifically, in Chapter 2
and Chapter 5 we measure gender bias towards occupations and contextual
words, respectively. For instance, these measures allow us to answer questions
like “Does this model show a bias toward referring to doctors as male or
female?”, “Does this model associate cooking with women more often than
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with men?” When these questions are answered affirmatively, this skewed
behaviour could lead to harmful consequences such as favouring the hiring
of male doctors. In Chapter 5 we also look into bias amplification. Bias
amplification occurs when a model exacerbates unwanted biases present
in the training data. Unlike other biases, it cannot be solely attributed to
the data since it can fluctuate significantly throughout training (Hall et al.,
2022).

Measuring Fairness Fairness metrics can be classified into three main
types: calibration-based, precision-based, and recall-based metrics. Klein-
berg et al. (2016); Friedler et al. (2016) and Miconi (2017) show how pairs
of fairness metrics can be mathematically incompatible—that is, one type
of fairness may exclude another. This incompatibility occurs for any pair of
metrics with different origins (e.g., calibration-based vs. recall-based) unless
the true base rates are the same for all groups or the classifier performs per-
fectly. Precision- and recall-based metrics are primarily used to evaluate LMs
because they provide a reliable way to measure performance by comparing
model outputs to a predefined standard.

Based on our definition of fairness given in § 1.1, we derive our met-
rics from differences in performance8. Performance differences across user
demographics, either at individual or group level, is arguably the most com-
mon fairness metric (Barocas et al., 2019; Hutchinson and Mitchell, 2019).
Assuming a fair algorithm would yield equally good (or bad) performance
regardless of the user’s group identity, group disparity measures how much
the model deviates from this ideal behaviour and what group is favouring.
The concept of group disparity broadly refers to any differences in perfor-
mance between groups. In cases where more than two groups are defined,
it is also crucial to examine the gap between the most advantaged (highest
performing) and least advantaged (lowest performing) groups. This is also
known as the maximin difference9 in performance. The maximin differ-
ence captures the widely shared intuition that fairness is always in the service
of the worst-off group (Rawls, 1971). Barocas et al. (2019); Mehrabi et al.
(2021) and Czarnowska et al. (2021) offer excellent resources for discussing
relevant metrics in different contexts and comparing available fairness met-
rics.

8The specific meaning of “performance” is defined individually in each chapter.
9Also referred to as “max-min” or “min-max”.
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1.3 Contributions
This dissertation contributes to the AI landscape as follows. Our goals are to
highlight the importance of understanding the implications of social biases,
gain insights into evaluating task performance from a fairness perspective,
and adapt general-purpose models to specific scenarios. To do so, we put
an emphasis on language models’ societal impact (e.g., inequity, misuse,
and ethical considerations), technical principles (e.g., model architectures,
training procedures, data, evaluation) and their applications (e.g., content
moderation and medical question answering). Experiments are conducted
on English data unless stated otherwise. We organise the work in two parts
with distinct contributions.

Throughout Part I, we put forward the argument that language models are
not only biased in various ways but also bring disparate user experiences.

In Chapter 2 (Cabello et al., 2023b), we contribute to what was, at
the time, a novel line of research demonstrating that bias in representations
is not necessarily indicative of bias or fairness in downstream applications
(Shen et al., 2022; Goldfarb-Tarrant et al., 2023). We clearly formulate the
distinction between (association) bias and (empirical) fairness, and present
a comprehensive study exploring the relationship between these two con-
cepts from three points of view: theoretically, through a thought experiment;
practically, using standard measurements; and socially, by reviewing social
science literature. Finally, we propose the In-Group Affinity Assumption,
which highlights the idea that a specific demographic group tend to use in-
group terms more frequently—or in different ways—than other groups. For
instance, this suggests that word co-occurrence metrics overlook use-mention
distinctions, where harmful words might appear in the context of references
to a social group without being used to directly target that group negatively.
This was later also noticed by others (Gligoric et al., 2024; Gallegos et al.,
2024). Our findings highlight potential limitations of embedding-based met-
rics and indicate that debiasing efforts in pretrained models, when guided by
these metrics, cannot be guaranteed to effectively propagate downstream.

Chapter 3 (Cabello Piqueras and Søgaard, 2022) presents our study
on group fairness of pretrained multilingual models, asking whether these
models are equally fair across languages. For this purpose, we create a novel
multilingual dataset of parallel cloze test examples—in English, Spanish,
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French and German—equipped with annotator’s demographic information
(balanced with regard to gender and native tongue). We evaluate three
popular multilingual models on the same cloze task given to participants,
and compare their linguistic preferences. Our findings reveal different levels
of group disparity in the models examined. The fact that all the languages in
our study are Indo-European only reinforces the idea that if inequalities are
observed in these closely related languages, they are likely to exist in other
linguistic families as well.

In Chapter 4 (Thorn Jakobsen et al., 2023), we focus on evaluating
rationale-based explanations, and ask which demographics align with mod-
els’ predictions best, and whose reasoning patterns align with the models’
rationales best. To this end, we present a collection of three existing datasets
augmented with demographic annotations (balanced across age and ethnic-
ity), covering sentiment classification and common-sense reasoning tasks.
Such data allow us to profile models by quantifying their alignment with
rationales provided by different socio-demographic groups. Specifically, we
examine label and rationale agreement across these groups and assess the
extent to which the rationales of these groups align with those generated by
Transformer-based models. This work makes a valuable contribution to the
fairness literature: even if models are fair in terms of task performance, bi-
ases may still emerge when examining their reasoning process. This implies
that undesired biases do not always manifest in task performance alone.

Chapter 5 (Cabello et al., 2023a) puts the focus on gender bias in
multimodal models. The use of visual and grammatical gender information is
essential for identifying the target of, for example, a question about an image.
However, demographic factors should not disproportionately influence the
outcome of vision-and-language (V&L) models, as this could reinforce harm-
ful stereotypes (van Miltenburg, 2016; Bianchi et al., 2023). To address this
issue, we investigate the relationship between intrinsic and extrinsic gender
bias by quantifying bias amplification. Consistent with previous findings for
language models, bias in a pretrained V&L model does not necessarily result
in a comparable level of bias in downstream task performance. Additionally,
we measure fairness through group disparity and demonstrate that it is
not directly related to model bias either. Finally, we propose a simple
method to improve fairness in V&L models: an extra pretraining epoch
on gender-neutral data10 reduces fine-tuning variance and group disparity

10Gender-neutral data refers to data in which gendered terms have been replaced with
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across most models studied, without significantly affecting task performance.

Part II shifts toward a more applied narrative, where we directly examine
the role of LMs in downstream tasks like offensive language detection and
medical question answering.

In Chapter 6 (Zhou et al., 2023b), we investigate the impact of transfer
learning using data for offensive language detection in different languages
and cultural backgrounds (English and Korean) to the target language (Chi-
nese). We set up different training scenarios and demonstrate the presence
of culture-specific biases in the source data that negatively impact the trans-
ferability of language models in this context. For instance, models often
do not classify region-related comments as offensive, even though such lan-
guage is typically considered toxic when used against someone in Chinese
culture. While this distinction is clear to someone familiar with Chinese
cultural norms, it is poorly represented in the model’s training data, which
disproportionately reflects American cultural values. A direct application
for offensive language detection is online content moderation. In online con-
tent moderation, messages are processed by an NLP system that evaluates
them as offensive or non-offensive, acceptable or unacceptable, and restricts
the sharing of posts that fail to meet the acceptance criteria (Nobata et al.,
2016). A key challenge is that offensive language can vary greatly depend-
ing on context and cultural backgrounds. Previous research highlighted the
importance of cross-lingual transfer in offensive language detection (Stappen
et al., 2020; Lamprinidis et al., 2021; Shi et al., 2022), but we are amongst
the first to investigate the influence of cultural transfer learning for offensive
language detection and, ultimately, content moderation.

Chapter 7 (Cabello et al., 2024) introduces a different type of NLP ap-
plications: medical question answering. NLP in question answering aims at
building systems to answer questions about any topic in natural language.
ChatGPT (OpenAI, 2024) is one of the most notorious examples that proves
modern dialogue systems are able to write long coherent passages and gener-
alize well to many domains. Yet, their human-like fluency can be deceiving.
These models sometimes generate answers that, while plausible, are factually
incorrect —a phenomenon known as AI hallucinations. This issue poses a
significant risk, particularly in critical areas like healthcare, where misinfor-
mation can have serious consequences. To improve their reliability without

gender-neutral alternatives (e.g., sister → sibling).
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adding much to computational costs, researchers have experimented with
retrieval-augmented systems (Lewis et al., 2020), or training from mixtures
of corpora and knowledge bases (Pan et al., 2023, 2024). We take a step
forward in this direction by designing a novel architecture for medical ques-
tion answering that integrates language models and knowledge graphs. Our
system creates an external storage of knowledge graph embeddings, retrieves
relevant factual information from it, and feed it to an autoregressive large
language model (LLM) to guide the response generation process. We exper-
iment with three of the latest open-source instruction-tuned models, based
on Mistral (Jiang et al., 2023) and Llama (Dubey et al., 2024). Our results
prove the viability of augmenting LLMs with information from a large, cu-
rated knowledge graph, even surpassing strong LLM baselines like BioMistral
Labrak et al. (2024) or MediTron Chen et al. (2023a), which have followed a
costly continued pretraining of the base LLMs on curated biomedical data.
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Chapter 2

On the Independence of
Association Bias and Empirical
Fairness in Language Models

Abstract
The societal impact of pre-trained language models has prompted researchers
to probe them for strong associations between protected attributes and value-
loaded terms, from slur to prestigious job titles. Such work is said to probe
models for bias or fairness—or such probes “into representational biases”
are said to be “motivated by fairness”—suggesting an intimate connection
between bias and fairness. We provide conceptual clarity by distinguishing
between association biases Caliskan et al. (2022) and empirical fairness Shen
et al. (2022) and show the two can be independent. Our main contribution,
however, is showing why this should not come as a surprise. To this end,
we first provide a thought experiment, showing how association bias and
empirical fairness can be completely orthogonal. Next, we provide empirical
evidence that there is no correlation between bias metrics and fairness metrics
across the most widely used language models. Finally, we survey the soci-
ological and psychological literature and show how this literature provides
ample support for expecting these metrics to be uncorrelated.
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2.1 Introduction
The prevalence of unintended social biases in pre-trained language models
(PLMs) is alarming, since they impact millions, if not billions of people ev-
ery day. In recent years, more and more NLP researchers have studied such
biases, making up an estimated 6.3% of the literature in 2022 Ruder et al.
(2022). Much of this work has focused on what Crawford (2017) called rep-
resentational bias, which manifests when portrayals of certain demographic
groups are discriminatory. In NLP, representational bias often arises when
associations between a protected attribute, e.g., gender, and certain concepts,
e.g., job titles, are captured in the model space. Thus, to avoid ambiguity,
we will refer to this type of bias as association bias, following Chaloner and
Maldonado (2019).

Association bias is often confused with what is sometimes referred to as
performance disparity Hashimoto et al. (2018) or empirical fairness Shen
et al. (2022), i.e., performance differences across end user demographics. Or
mitigating association bias is assumed to improve empirical fairness Chen
et al. (2020b); Friedrich et al. (2021); Cao et al. (2022); Dayanik and Padó
(2020); Castelnovo et al. (2022b); Reddy et al. (2021). Note that most
fairness metric focus on some form of equal performance and differ only in
whether they focus on precision, recall or balancing the two Barocas et al.
(2019). Empirical fairness refers to equal performance as measured by de
facto standard metrics and is arguably the most common fairness metric
Williamson and Menon (2019); Barocas et al. (2019).

In this paper, we will show that the two phenomena, association bias and
empirical fairness, are often completely independent matters.1 We devise
a thought experiment (§2.3) to illustrate this, but also present a series of
experiments (§2.4) to show that results obtained the way association bias is
normally measured, do not correlate with results obtained the way empirical
fairness is normally measured.

Our main contribution, however, is to show that this should not come as
1Note that the distinction between association bias and empirical fairness—between

how expressions referring to demographic groups are encoded, and how these groups are
treated as end users—is different from another distinction made in recent work Delobelle
et al. (2021); Goldfarb-Tarrant et al. (2021); Kaneko et al. (2022) between intrinsic and
extrinsic bias: Intrinsic bias, here, is what we call representational bias, whereas extrinsic
bias refers to performance differences on sentences containing entities referring to different
demographic groups.
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a surprise. Research on mitigating association bias and empirical fairness is
often motivated by fairness concerns, and bias and fairness are often consid-
ered near-synonymous terms in the research literature: Researchers have, for
example, said that bias causes unfairness Chang et al. (2019); Friedrich et al.
(2021); Castelnovo et al. (2022b). If this was the case, the independence of
association bias and empirical fairness should come as a great surprise. How-
ever, the assumption that bias causes unfairness, is unwarranted, as we will
see below, from a survey of relevant literature from the social sciences (§2.5).
A causal link between association bias and empirical fairness would seem to
require some sort of in-group affinity, i.e., that groups use terms relating
to their in-group peers more and in different ways than outsiders, like, for
instance, Democrats on Twitter mention Trump and the Republican party
more often than their Republican counterparts Duijnhoven (2018). This as-
sumption, which we call the In-Group Affinity Assumption, seems intuitive,
but without much support from the social sciences (§2.5).

Contributions In §2.2, we define association bias and empirical fairness
and discuss related work. When we talk about association bias, we refer to
systematic biases in how words and phrases referring to demographic groups
are encoded. Figure 2.1 visualizes how models may exhibit biased associ-
ations because of sample biases, and may even amplify these. We define
empirical fairness as equal performance across groups, because this is the
most balanced and most widely applicable measure of fairness in NLP, ex-
cept for specialized applications where equal base rates and calibration take
priority over performance. We then move to study how association bias and
empirical fairness relate. In §2.3, we show that theoretically, association
bias and empirical fairness are completely independent. That is, mitigating
association bias can hurt empirical fairness, and ensuring empirical fairness
can introduce more bias. §2.4 shows there is no obvious correlation between
results obtained from standard association bias measurements and results
obtained from standard empirical fairness measurements of language mod-
els. Finally, §2.5 surveys the social science literature for explanations on why
association bias and empirical fairness may be less related (or related in less
obvious ways) than multiple works in the NLP literature have assumed up
to this point. The finding that association bias and empirical fairness are
independent in this three-way investigation, should help push research hori-
zons and provide strong motivation for targeting empirical fairness directly,
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Figure 2.1: Association bias of group-related terms (e.g., woman and man)
can be quantified as degree of isomorphism relative to an empirical (co-
occurrence) space or a normative, equidistant space. The graph illustrates
how man may be more strongly associated with soccer in a model, less so
empirically (the underlying data or real-world statistics), and not at all in
an ideal world.

as well as for seeing association bias mitigation, not necessarily as a way of
promoting fairness, but rather as a way of preventing poor inferences and
generation of stereotypical text.

2.2 Definitions and Related Work
In the NLP literature, bias and fairness are often conflated, or it is argued
that one follows from the other, e.g., that we can ensure fairness by mitigating
bias Chen et al. (2020b); Friedrich et al. (2021); Cao et al. (2022); Dayanik
and Padó (2020); Castelnovo et al. (2022b); Reddy et al. (2021). In contrast,
we will show that this is not always the case, and (association) bias and
(empirical) fairness often are independent or at odds.

Bias Mitigating social biases in NLP models has become an important re-
search goal Shah et al. (2020); Hutchinson et al. (2020); Romanov et al.
(2019), but there is little consensus on how to evaluate such biases Blod-
gett et al. (2020); Stanczak and Augenstein (2021). We focus on association
bias and show how, contrary to what seems to be popular belief, it is not un-
equivocally related to fairness; in fact, it is very often completely independent
thereof.

Association bias in a model refers to systematic differences in how words
and phrases referring to demographic groups are encoded. Classical tests
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thereof include comparing the (cosine) distance of terms relating to protected
attributes, e.g., woman and man, or their vectors vw and vm, to terms of par-
ticular interest, e.g., slur Sap et al. (2019), sentiment Ali et al. (2022a), or job
titles such as doctor (wd) Zhao et al. (2018). Early papers would quantify bias
with respect to, say, gender, as cosine similarities (cos(vm,wd)−cos(vw,wd))
Caliskan et al. (2017); Bhatia (2017); Zhao et al. (2018); Brunet et al. (2019);
Gonen and Goldberg (2019), and by seeing whether the nearest neighbor of
wd + vw − vm would be nurse or another job stereotypically associated with
women Bolukbasi et al. (2016). In practice, NLP researchers have used tests
such as the ones above for quantifying association bias Caliskan et al. (2017);
Bhatia (2017); Zhao et al. (2018); Brunet et al. (2019); Gonen and Goldberg
(2019). We will argue that such quantities are theoretically and, often practi-
cally, orthogonal to empirical fairness, which we define in terms of differences
in performance estimates across demographics, i.e., social groups Williamson
and Menon (2019); Barocas et al. (2019); Shen et al. (2022), often defined
by the cross-product of a subset of protected attributes such as gender, age,
or race.

Fairness Fairness metrics come in multiple flavors, but are often divided in
three: calibration-based, precision-based, and recall-based metrics. Miconi
(2017), Friedler et al. (2016) and Kleinberg et al. (2016) show how pairs of
fairness metrics can be mathematically incompatible, i.e., one type of fairness
can rule out another. In fact, incompatibility holds for all pairs of metrics
such that the two metrics are of different flavor, e.g., calibration-based and
recall-based, unless the true base rates are identical across groups, or the clas-
sifier has perfect performance. Since the vast majority of NLP applications
provide repetitive services, the quality of which can be measured against a
gold standard, precision- and recall-based metrics are predominantly used in
NLP. We follow several authors Hashimoto et al. (2018); Hansen and Søgaard
(2021); Chalkidis et al. (2022) in using min-max differences in (the standard)
performance (metric) as our go-to fairness metric. Relying on min-max dif-
ference captures the widely shared intuition that fairness is always in the
service of the worst off group Rawls (1971). For a discussion of available
fairness metrics, and in what contexts they are relevant, see Mehrabi et al.
(2021) and Barocas et al. (2019). For a comparison of existing metrics used
to quantify social biases in NLP, see Czarnowska et al. (2021).
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Related Work Maity et al. (2020) study the effect of subpopulation shifts
on performance disparities and show that these do not always relate in obvi-
ous ways. Goldfarb-Tarrant et al. (2021) study the correlation between what
they refer to as “intrinsic and extrinsic measures of representational bias”.
Their intrinsic measures of representational bias amount to word association
bias, but their extrinsic measures of representational bias are not empirical
fairness measures. To see this, consider the coreference task used in Goldfarb-
Tarrant et al. (2021). Goldfarb-Tarrant et al. (2021) correlate intrinsic gender
bias measures (cosine distances in static word embedding spaces) with coref-
erence performance on sentences with female and male referents. We argue
that in this case, empirical fairness would be performance on sentences writ-
ten by female and male authors.2 Goldfarb-Tarrant et al. (2021) establish
that there is no correlation between their two measures of representational
bias. Their result superficially looks similar to and in agreement with ours,
but is, in fact, unrelated. If anything, it shows that association bias has been
assumed to correlate with many measures that it does not, in fact, correlate
with. Cao et al. (2022) and Kaneko et al. (2022) studied the same problem
as Goldfarb-Tarrant et al. (2021), but used contextualized token embeddings
from PLMs rather than static word embeddings. They both found weak
correlations between intrinsic and extrinsic evaluation measures. Again, we
emphasize that these results do not contradict ours.

Shah et al. (2020) carefully avoid to discuss fairness, saying the fairness
literature is outside the scope of their paper, but place outcome disparity
(performance disparity) as a central motivation for social bias mitigation.
They list four potential causes of outcome disparity: label bias, selection
bias, bias amplification, and semantic (representation) bias. We show associ-
ation (representation) bias and outcome disparity are theoretically, and also
often practically, independent, questioning their fourth hypothesis. More-
over, we observe that outcome disparity can arise in the absence of all of
the above four factors. Say a group exhibits more variance than others, e.g.,
because of spelling variation in dyslexics. Even if dyslexics are represented
proportionally or equally, they may still see worse performance with dyslexics
than for non-dyslexics.

Finally, Shen et al. (2022) show how a different form of representational
fairness, i.e., whether protected author attributes can be detected from model

2Or, alternatively, sentences read by female and male authors. The latter is rarely
studied, as it requires reader statistics, e.g., from online media services.
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representations, is also uncorrelated with empirical fairness. Together, our
work and previous work Goldfarb-Tarrant et al. (2021); Cao et al. (2022);
Kaneko et al. (2022); Shen et al. (2022) establish that four common bias-
related measures — (i) association bias, (ii) performance on sentences with
protected attribute terms (Goldfarb-Tarrant et al. (2021)’s extrinsic mea-
sure), (iii) decodability of protected attributes from representations, and (iv)
empirical fairness are largely uncorrelated. Specifically, (i) is independent of
(ii) and (iv), and (iii) is independent of (iv).

Our work is motivated by the large-spread assumption that association
bias and empirical fairness are causally related Chen et al. (2020b); Friedrich
et al. (2021); Cao et al. (2022); Dayanik and Padó (2020); Castelnovo et al.
(2022b); Liu et al. (2020b); Qian et al. (2022); Sun et al. (2019); Ross et al.
(2021); Bartl et al. (2020). Bartl et al. (2020), for example, aspire “to pro-
moting fairness in NLP by exploring methods to measure and mitigate gender
bias.” Ross et al. (2021) say they “believe that by revealing biases, by pro-
viding tests for biases that are as focused as possible on the smallest units of
systems, we can both assist the development of better models and allow the
auditing of models to ascertain their fairness.” Sun et al. (2019), argue that
“biased predictions may discourage minorities from using those systems and
having their data collected, thus worsening the disparity in the data sets”,
equating biased predictions with unfair predictions.

All three sets of authors see bias as the primary cause of fairness. Show-
ing such causation is not a given, and that in fact, association bias and
empirical fairness need not even correlate and are often orthogonal, is an im-
portant correction to this literature, with potential consequences for research
methodology, applications of NLP in the social sciences, as well as AI ethics
and regulation.

2.3 Association Bias and Empirical Fairness
are Independent (in Theory)

In this section, we produce a thought experiment—a synthetic model—to
illustrate how bias and fairness can in fact be completely independent of one
another. We construct a synthetic ternary (positive/negative/neutral) sen-
timent analysis model with a small feature space, including words that refer
to demographic subgroups of a population. These words, denoting various
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groups, will be biased and associated with sentiment, because of biases in
our training data. This assumption is also made in Ali et al. (2022b), for
example. These associations lead to biased likelihood estimates and would,
in the context of a linear model, lead to differences in the degree of isomor-
phism relative to the group-specific subgraphs. We will show, however, that
the resulting biases are independent of the group fairness of the model, i.e.,
to the min-max performance disparities across the same groups. Such a con-
nection, if it exists, could be explained by an in-group affinity, which relies
on the assumption that those biased terms are used by the in-group more
frequently or in other ways than by other groups.

Say a population consists of members of groups g1, . . . , g4, e.g., defined
according to their address as north, east, west and south. Everyone speaks
the same language and expresses sentiment with a vocabulary of seven words:
wg1 , . . . , wg4 , w5, w6, w7. Except w6 (positive) and w7 (neutral), all words ex-
press negative sentiment, including the words that refer to (or are associated
with) other demographic subgroups (wgi), for instance, northern, eastern,
western and southern. The subgroups use the terms with the following prob-
abilities (Table 2.1):

wg1 wg2 wg3 wg4 w5 w6 w7

g1 0.0 0.25 0.0 0.0 0.25 0.25 0.25
g2 0.0 0.0 0.25 0.0 0.25 0.25 0.25
g3 0.0 0.0 0.0 0.25 0.25 0.25 0.25
g4 0.25 0.0 0.0 0.0 0.25 0.25 0.25

Table 2.1: Probability of a group gi using the word wj for expressing senti-
ment. Only w6 (positive) and w7 (neutral) express a non-negative sentiment.

This data exhibits four representational biases, e.g., the association of
g1 with negative sentiment, the association of g2 with negative sentiment,
and so forth. If we have sufficient data, a simple model, e.g., a Naive Bayes
classifier trained on simple bag-of-words representations, should induce the
maximum likelihood estimates (where ‘0’ denotes negative, ‘1’ positive and
‘2’ neutral sentiment) showcased in Table 2.2.

Now, say we employ an existing debiasing approach and manage to debias
the model with respect to its representation of group g1 by setting P (wg1 |0) =
P (wg1 |1) = P (wg1|2), which, in this case, would equal zero. This would hurt
performance on data from g4 (bottom row), increasing the empirical risk on
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P (wg1|0) P (wg2|0) P (wg3|0) P (wg4|0) P (w5|0) P (w6|0) P (w7|0)
g1 0.0 0.25 0.0 0.0 0.25 0.0 0.0
g2 0.0 0.0 0.25 0.0 0.25 0.0 0.0
g3 0.0 0.0 0.0 0.25 0.25 0.0 0.0
g4 0.25 0.0 0.0 0.0 0.25 0.0 0.0

P (wg1 |1) P (wg2|1) P (wg3|1) P (wg4|1) P (w5|1) P (w6|1) P (w7|1)
g1 0.0 0.0 0.0 0.0 0.0 0.25 0.0
g2 0.0 0.0 0.0 0.0 0.0 0.25 0.0
g3 0.0 0.0 0.0 0.0 0.0 0.25 0.0
g4 0.0 0.0 0.0 0.0 0.0 0.25 0.0

P (wg1 |2) P (wg2|2) P (wg3|2) P (wg4|2) P (w5|2) P (w6|2) P (w7|2)
g1 0.0 0.0 0.0 0.0 0.0 0.0 0.25
g2 0.0 0.0 0.0 0.0 0.0 0.0 0.25
g3 0.0 0.0 0.0 0.0 0.0 0.0 0.25
g4 0.0 0.0 0.0 0.0 0.0 0.0 0.25

Table 2.2: Maximum likelihood estimates from a linear classifier on our syn-
thetic data modelled in Table 2.1.

this sub-population, but more surprisingly, note that it would not help us on
classifying the data from g1. That is, an attempt to make the model fairer
towards north by equalizing the use of the term northern, would result in
increased unfairness towards members from south, who tend to use northern
more often (and in a negative context). Removing bias in how terms referring
to a group are represented, only improves performance on data from members
from that group, if these members use such in-group terms in non-standard
ways, i.e., differently from everyone else. In the absence of this assumption,
association bias and empirical fairness are orthogonal. We will refer to this
assumption as the In-Group Affinity Assumption.

Note that while we make use of a linear model and likelihood estimates
in our thought experiment, it would be very easy to translate this into a
deep neural network and cosine distances instead. To see this, consider, for
example, how any Naive Bayes model can be translated into a deep neural
network, and how the differences in likelihood can, under such a translation,
be translated into differences in cosine instances.
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2.4 Association Bias and Empirical Fairness
Scores are Uncorrelated (in Practice)

In this section, we study whether association bias and empirical fairness are
correlated in practice,i.e., when actual models are evaluated on actual data
designed to probe bias and fairness. We apply well-established metrics for
measuring the two. While bias and fairness can be studied with respect to
any prospective attribute, the vast majority of NLP research has focused on
(binary) gender Sun et al. (2019); Stanczak and Augenstein (2021). Binary
gender is often correlated with terms referring to occupations, e.g., the co-
occurrence of woman and man—or she and he—in the context of nurse and
doctor. For convenience, we rely on existing benchmarks and do the same. It
is important to remember, however, that bias and fairness may arise across
any groups in society, and that all those defined in terms of protected at-
tributes, e.g., race, religion, sexuality, or impairment, are legally irrelevant.
As mentioned, the two—association bias and empirical fairness—are often
conflated, or one is said to cause the other. This reflects an In-Group Affin-
ity Assumption, saying that members of social groups refer to themselves
more often or in different ways than other members of a linguistic commu-
nity. If this were the case, mitigating biases would contribute positively to
equal performance across groups.

The analysis of these experiments concludes our three-way investigation of
the In-Group Affinity Assumption and the independence of bias and fairness.
All three perspectives suggest that NLP research should not further assume
an intimate connection between the two.

Bias To measure representational bias, we use three popular metrics, i.e.,
the Log Probability Bias Score (LPBS) proposed by Kurita et al. (2019),
as well as two variants of the Word Embedding Association Test (WEAT)
Caliskan et al. (2017) for assessing bias in contextual word representations:
the adaption proposed by Tan and Celis (2019) (henceforth, WEATT ), and
the alternative suggested by Lauscher et al. (2021) (henceforth, WEATL).
All these metrics rely on association tests to compute the relationship be-
tween a set of related targets {t1, t2, . . .}, e.g., gender words, and attributes
{a1, a2, . . .}, e.g., occupation words, through definitions of template sentences
designed to convey no meaning beyond that of the terms inserted into them.
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Kurita et al. (2019) use template sentences like T=“[TARGET] is a [AT-
TRIBUTE]”. The target word is masked, and the attribute word is a place-
holder for a specific word denoting an occupation, e.g., Tm=“[MASK] is a
chef ”. LPBS uses the prior probability of the target word (pprior), i.e., the
probability of a target ti being generated when both ti and the attribute aj
are masked, as a normalizer, and computes the association as the relative
increase in log probability:

alpbsti,aj = log
p([MASK] = ti|Tm)

pprior
(2.1)

The difference between the relative increased log probability scores for
two targets is the LPBS measure of bias. For linear models, this corre-
lates strongly with the ε-isometry of the target word subgraph relative to
an equidistant space, if we make the centroid of the set of attribute vectors
the reference point. For a non-linear language model, we can compute the
ε-isometry of its linear approximation. Table 2.3 are for the targets “he” and
“she”. A t-test is used to evaluate the statistical significance of the metric,
in which the means of alpbshe,aj

and alpbsshe,aj
are compared. We draw 105 random

permutations, meaning that the p-values observed will not be less than 10−5.
Tan and Celis (2019) follow the methodology of May et al. (2019), who

extended the WEAT metric to sentences (SEAT) inserting the word of in-
terest in context templates such as T=“This is _”. Tan and Celis (2019) use
the contextual embedding of the token of interest, instead of using the sen-
tence encoding, to compute the cosine similarities (associations). Lauscher
et al. (2021) follow Vulić et al. (2020) and average the pooled embeddings of
the first four attention layers for the word of interest (ti or aj) in a template
without context, e.g, “[CLS] ti [SEP]”. Both approaches report the effect size
Caliskan et al. (2017), a normalized measure of how separated the association
distributions of target and attributes are. The statistical significance of the
associations is also computed with a permutation test as in Caliskan et al.
(2017). Both approaches are an instance of computing the ε-isometry of the
template sentence subgraphs in the cosine metric space. See Table 2.3 for
empirical results.3 We see that results are somewhat mixed, with LPBS and
the two variants of WEAT often disagreeing which models are more biased.
All the metrics are evaluated on the same list of sixty attributes —equally

3PLM names follow the same nomenclature as in the Hugging Face Transformers library.
The pre-trained models can be downloaded at huggingface.co/models.
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split into female and male stereotyped professions from the US bureau of
labour—, provided in Delobelle et al. (2021).

LPBS WEATL WEATT

bert-base-uncased 0.86∗ 1.01∗ 0.33
bert-base-cased 0.90∗ 1.00∗ 0.52
bert-large-uncased 0.20 0.83∗ 0.73∗
bert-large-cased -1.10∗ 0.60 0.83∗
bert-base-multilingual-cased -1.98∗ 0.36 0.12

distilbert-base-uncased -0.46∗ 0.79∗ 0.58
albert-base-v2 -7.02∗ 0.72∗ 0.56
albert-large-v2 -1.58∗ 0.84∗ 0.61∗
albert-xxlarge-v2 0.18 0.46 0.95∗

roberta-base -2.32∗ 0.51 0.36
roberta-large -2.63∗ 0.24 0.82∗

google/electra-small-generator -0.20 0.71∗ 0.85∗
google/electra-large-generator -2.64∗ 0.73∗ 0.63∗

Table 2.3: Three metrics of representational bias. Values are the average
difference of associations between the target words “he”/“she”, and a list of
occupations as attributes. Larger values reflect a more severe bias. A positive
value hints a skewed distribution towards males. A negative value hints a
skewed distribution towards females. ∗: statistically significant at 0.01.

Fairness Our fairness evaluation is based on Zhang et al. (2021)’s work,
who study how the predictions of various PLMs align with the linguistic
preferences of different social groups. They directly compare masked word
predictions to human cloze tests, quantifying how often a language model
agrees with the members of a particular social group on what is the most
likely word in contexts such as:

After waiting three hours, Cal whined and started to [MASK].

Zhang et al. (2021) use, as their fairness metric, the min-max difference in
precision (∆P@1) across groups defined by the cross-product of several pro-
tected attributes, including gender, age, race, and level of education. Since
we are comparing with binary gender bias probes, we only consider fairness
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across (binary) gender here. We sample members of each group (female and
male) in a balanced way across subgroups, as defined by the other variables.
This is equivalent to reporting the macro-average across subgroups for each
group. ∆P@1 is thus the difference in performance between male and fe-
male groups, macro-averaged across subgroups in the cloze test data. We
follow Zhang et al. (2021) in also reporting the difference in mean reciprocal
rank as a second performance metric (∆MRR). See the individual scores in
Table 2.4.

∆P@1 ∆MRR

bert-base-uncased 0.69 1.57
bert-base-cased 0.15 0.74
bert-large-uncased 0.91 1.34
bert-large-cased -0.07 0.32
bert-base-multilingual-cased 0.89 0.54

distilbert-base-uncased 1.63 0.64
albert-base-v2 0.74 0.94
albert-large-v2 1.45 1.21
albert-xxlarge-v2 0.48 0.41

roberta-base 0.14 0.06
roberta-large 0.68 0.69

google/electra-small-generator 0.97 0.43
google/electra-large-generator 1.22 0.97

Table 2.4: Macro-averaged precision and mean reciprocal rank differences
between male and female subgroups following experiments in Zhang et al.
(2021). Values close to zero are preferred for a more equitable model.

Results show performance gaps between binary gender groups. Conse-
quently, we would expect models exhibiting high degree of bias in Table 2.3
to be the least fair. However, this is not the case. Figure 2.2 displays the
results for bias and fairness jointly, often highlighting the lack of correla-
tion. Note that, ideally, all data-points should belong to the bottom-right
quadrant.

Metrics are uncorrelated Now that we have our evaluation framework
defined, let us analyze whether representational bias correlates with outcome
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disparity. This amounts to studying the correlations between LPBS and
WEAT metrics and the min-max P@1 difference across groups. We report
the sign of the Pearson correlation coefficient to ease the interpretation of the
(ideally) monotonic relationship4 between each set of metrics in Figure 2.2.

Results are two-fold:

(i) The discrepancy across sub-graphs in Figure 2.2 aligns with results in
May et al. (2019), Delobelle et al. (2021) and Cao et al. (2022), who
all found different representational bias metrics to lead to mutually
inconsistent results. WEATL and WEATT are related and show some
agreement, but generally, results are wildly different across metrics.

(ii) More importantly, for our purposes, representational bias and fairness-
as-equal-performance (quantified as min-max differences across perfor-
mance scores for different groups) are, in fact, uncorrelated. Models
with high bias values are the most fair according to our fairness metric,
and vice versa. These cases are highlighted in red in Figure 2.2. For ex-
ample, roberta-base (rb) is among the most biased models according
to LPBS, but it exhibits the highest degree of fairness wrt. the MRR
metric —and second highest wrt. P@1. The bigger PLM, roberta-
large (rl) is slightly less biased according to LPBS, but it is generally
less fair. Values from the WEAT metrics are, in this case, somewhat
mixed.

Result (ii) is evidence against the In-Group Affinity Assumption and for the
independence of bias and fairness. Looking at each model family—separated
by horizontal lines in Table 2.3 and 2.4—model size does not systematically
lead to larger or smaller bias scores, and it does not seem strongly correlated
with any of the fairness metrics either.

In the following section, we survey research in the social sciences that also
suggest the In-Group Affinity Assumption is mostly false, with one important
caveat: Slur words have marked in-group usage. In most applications, this
exception would be insufficient to drive a causal link between association
bias and empirical fairness, because slur words are rare, and performance
differences across social groups are pervasive.

4We deliberately omit the magnitude of the Pearson coefficient to emphasize the sign of
the correlation. Ideally, bias and fairness metrics should have a negative linear dependence
(p < 0).
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Figure 2.2: Scatter plots show the relationship between different representa-
tional bias metrics and fairness evaluation. The upper row displays results
when evaluating fairness through precision at top-1 (P@1). The bottom row
displays results when considering MRR to evaluate fairness. The division
into quadrants is done according to average scores. Each point represents a
language model, labelled with its initials. We see no support for a strong
negative correlation between bias and fairness. Red points mark the clear
counter-examples to such a negative correlation. Global trend for each plot
is summarized with the sign of Pearson coefficient (p).
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2.5 Association Bias and Empirical Fairness
are Sometimes at Odds (in Humans)

The thought experiment in §2.3 shows that bias and fairness can in fact
be completely independent or orthogonal. The experiments in §2.4 further
showed that there is no direct correlation between the association bias in
a model M toward social groups g1, . . . , gn, and the performance disparity
(fairness) of M across data from these groups g1, . . . , gn.

In such cases, debiasing a model with respect to the representation of a
certain group (e.g., g1) has no impact on the performance of the model for
users from the group. The beneficiaries of such a debiasing procedure are, in
other words, not necessarily the group the debiasing was intended to increase
fairness for. The idea that debiasing word representations that are related
to a particular group increases the fairness of the model for that group,
relies on the assumption that those words are also used by the in-group more
frequently or in other ways than by other groups. This assumption—which
we called the In-Group Affinity Assumption—seems problematic, since there
are plenty of examples in the literature of the opposite. In the following, we
briefly review some examples that originate from the NLP literature; others
from the social sciences.

We are often likely to talk more about members of other groups than
our in-group peers. Li and Dickinson (2017), for example, find that some
of the most indicative n-grams for detecting young female users on Chinese
social media are the names of male pop stars. Correcting or debiasing the
representations of these names would not improve model fairness on texts
written by the male pop stars, but rather on texts written by young female
users.

Morgan-Lopez et al. (2017) show that young (pre-college) children talk
more about college on Twitter than adults in their college age. Wei and San-
tos Jr. (2020) analyze data from Twitter and Reddit and find that the most
predictive n-grams for Israeli users include “Iraqis” and “Palestinians”, while
for Palestinian users “israeli military detention centres” and “Lieberman set-
tler rabbis” (referring to the Israeli Defence Minister, Avigdor Lieberman)
are among the most predictive n-grams.

Generally, political debates are often experienced as negative in both
tone and nature. According to a 2019 Pew Research Center study, 85% of

30



Chapter 2 | On the Independence of Association Bias and Empirical Fairness in
Language Models

Americans say that the political debate has become “more negative”. 5 One
explanation for the increase in negative sentiment in political discourse is
increased attention to what members of other (political) groups do wrong
compared to what the in-group peers do right. Supporting this explanation,
Jensen et al. (2012) show, for example, that one of the most partisan phrases
used by US Democrats in congressional texts was “great Republican Party”.

Similarly, Duijnhoven (2018) finds that Democrats on Twitter mention
Trump and the Republican party more often than their Republican coun-
terparts. In analyzing the language of German political parties, Biessmann
(2016) likewise finds that the left-wing party, Linke, has a high frequency of
mentions of large corporations (konzerne) and policies that negatively impact
the social welfare.

On Slur Some slurring terms (e.g.“dyke”, “queer” and “bitch”) have been
reclaimed or reappropriated by the target group resulting in a semantic
discrepancy dependent on the speaker’s group membership Ritchie (2017);
Henry et al. (2014). This results in what we term the In-Group Affinity As-
sumption, where the in-group’s use of the term will differ significantly from
that of the out-groups. Any debiasing of the term will have no significant
impact on the performance for the in-groups, since the language model’s rep-
resentation of the term will reflect the majority use of the term, which will
not be that of the in-group. However, since slurs are per definition defam-
atory terms, debiasing these terms will result in less insulting outputs in
downstream tasks, and this may result in a higher perception of fairness for
the target group.

2.6 Discussion and Conclusion
The independence of representational bias and fairness-as-equal-performance
shown here, along with the falsification of the In-Group Affinity Assumption,
runs counter to the NLP literature. Bias and fairness have been assumed to
be intimately connected, and the In-Group Affinity Assumption has been
implicit and unquestioned in much recent work. The results we present in
this paper are, at the same time, in a sense not surprising. Or they should
not be surprising. In many aspects of private and public life, we encounter

5pewresearch.org/politics/2019/06/19/public-highly-critical-of-state-of-political-discourse-in-the-u-s/
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decisions or patterns where bias and fairness exist or fluctuate independently
of each other, or in which they are negatively correlated. In affirmative
action, for example, we tolerate and encourage a (more) biased decision-
making process to achieve (higher) fairness. While positive discrimination is
heavily debated Holzer and Neumark (2000); Barmes (2009); Noon (2010),
it is a good example of a biased process intended to increase the level of
fairness.

Methods for correctly assessing model biases remains an open research
question. Current evaluation benchmarks give inconsistent results May et al.
(2019); Delobelle et al. (2021); Cao et al. (2022). Moreover, as discussed in
§2.2, evaluating model biases with metrics that only consider local geome-
tries, such as cosine-based metrics, can be inadequate. The fairness metric
literature is also full of controversies Miconi (2017); Friedler et al. (2016);
Kleinberg et al. (2016); Hedden (2021), but there is a broad consensus that
performance disparity or outcome disparity is a real challenge for responsi-
ble NLP research and development. This consensus is not only limited to
NLP research, but also found in legal studies, machine ethics, and the social
sciences. Our results have shown that regardless of these open problems in
bias and fairness research, the assumption that bias and fairness are always
negatively correlated, and that one is a cause of the other, is not always true.
Despite being closely related, it is important to understand that biases exist
everywhere, but might not be unequivocally harmful. And similarly, fairness
issues may arise in non-biased scenarios.

Finally, it is worth noting that we should not solely focus on the corre-
lation between protected attributes such as race or gender and the model’s
output, but rather ask the question if they are causing the outcome, and,
whether the model is unfair to individuals in virtue of their membership in
a certain group Hedden (2021).

Conclusion We reviewed part of the NLP literature showing how many
researchers conflate bias and fairness, i.e., representational bias and fairness-
as-equal-performance, or argue that fixing one will solve the other. In an
attempt to explain why this does not hold always true, we devised a thought
experiment in §2.3: a synthetic model that illustrates how bias and fair-
ness can be completely independent of one another. We introduced the
In-Group Affinity Assumption to highlight the assumption that a particu-
lar demographic groups use in-group terms more frequently—or in different
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ways—than other groups (non-standard). This, we argue, is a necessary as-
sumption to drive a causal connection between bias and fairness, if it exists.
In §2.5, we surveyed the social science literature and found evidence that of-
ten the opposite is the case, which substantiates our findings in §2.3 and §2.4.
Our survey includes examples from the social sciences, as well as from NLP
research, where bias and fairness are (locally) negatively correlated. This
provides strong reason to be skeptical of the In-Group Affinity Assumption
and shows that bias and fairness are often independent or orthogonal to each
other.

In sum, we have shown the importance of studying bias and fairness
independently of one another and cautioned against the In-Group Affinity
Assumption. We think this, potentially, could lead to a valuable reorien-
tation of the NLP literature, enabling researchers to study representational
bias in more adequate ways, focusing on robustness and generation (to avoid
bias reinforcement). This also highlights the different contributions of rep-
resentational bias benchmarks and in-the-wild evaluation datasets with de-
mographic information that can be used to evaluate performance disparities
across groups. Bias and fairness seem to be separate issues, and we believe
research should be done by disentangling the two.

2.7 Limitations
Our paper addresses the relationship between the two specific interpretations
of bias and fairness, i.e., representational bias and fairness-as-equality. These
are, in our view, the most common and most important definitions of bias and
fairness in the NLP literature, but they are not the only ones. We hope others
will follow up with studies of how other definitions relate. Our experiments
in §3 were limited to English benchmark datasets. We agree with Ruder et al.
(2022) that the prevalence of bias and fairness studies using English data,
is most unfortunate, and we are, in parallel, working to create multilingual
benchmarks for bias and fairness studies.
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Are Pretrained Multilingual
Models Equally Fair across
Languages?

Abstract
Pretrained multilingual language models can help bridge the digital language
divide, enabling high-quality NLP models for lower-resourced languages.
Studies of multilingual models have so far focused on performance, consis-
tency, and cross-lingual generalisation. However, with their wide-spread ap-
plication in the wild and downstream societal impact, it is important to put
multilingual models under the same scrutiny as monolingual models. This
work investigates the group fairness of multilingual models, asking whether
these models are equally fair across languages. To this end, we create a
new four-way multilingual dataset of parallel cloze test examples (MozArt),
equipped with demographic information (balanced with regard to gender and
native tongue) about the test participants. We evaluate three multilingual
models on MozArt —mBERT, XLM-R, and mT5— and show that across the
four target languages, the three models exhibit different levels of group dis-
parity, e.g., exhibiting near-equal risk for Spanish, but high levels of disparity
for German.
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3.1 Introduction
Fill-in-the-gap cloze tests Taylor (1953) ask language learners to predict what
words were removed from a text and it is a “procedure for measuring the ef-
fectiveness of communication”. Today, language models are trained to do
the same Devlin et al. (2019). This has the advantage that we can now use
fill-in-the-gap cloze tests to directly compare the linguistic preferences of hu-
mans and language models, e.g., to investigate task-independent sociolectal
biases (group disparities) in language models Zhang et al. (2021). This paper
presents a novel four-way parallel cloze dataset for English, French, German,
and Spanish that enables apples-to-apples comparison across languages of
group disparities in multilingual language models.1

Language models induced from historical data are prone to implicit biases
Zhao et al. (2017b); Chang et al. (2019); Mehrabi et al. (2021), e.g., as a result
of the over-representation of male-dominated text sources such as Wikipedia
and newswire Hovy and Søgaard (2015). This may lead to language models
that are unfair to groups of users in the sense that they work better for
some groups rather than others Zhang et al. (2021). Multilingual language
models can be unfair to their training languages in similar ways Choudhury
and Deshpande (2021); Wan (2022); Wang et al. (2022b), but this work goes
beyond previous work in evaluating whether multilingual language models
are equally fair to demographic groups across languages.

To this end, we create MozArt, a multilingual dataset of fill-in-the-gap
sentences covering four languages (English, French, German and Spanish).
The sentences reflect diastratic variation within each language and can be
used to compare biases in pretrained language models (PLMs) across lan-
guages. We study the influence of four demographic groups, i.e., the cross-
product of our annotators’ gender —male (M) or female (F)2— and first
language —native (N) or non-native (NN)3—. Table 3.1 presents a summary
of dataset characteristics.

1The language selection was given to us, because we rely on an existing word alignment
dataset; see §2.

2None of our annotators identified as non-binary.
3See Schmitz (2016); Faez (2011) for discussion of the native/non-native speaker di-

chotomy. Participants were asked “What is your first language?” and “Which of the
following languages are you fluent in?”. We use native (N) for people whose first lan-
guage coincides with the example sentences, and non-native (NN) otherwise, without any
sociocultural implications.
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EN ES DE FR
WordPiece (avg. #tokens) 19.7 22.0 23.6 23.1
SentencePiece (avg. #tokens) 22.3 22.9 24.9 25.3
#Sentences 100 100 100 100
#Annotations 600 600 600 600
#Annotators 60 60 60 60

Demographics

id_u, id_s, gender, age, nationality,
first language, fluent languages,
current country of residence,
country of birth, time taken

Table 3.1: MozArt details. The average number of tokens per sentence is
reported using WordPiece and SentecePiece. The bottom row lists the de-
mographic attributes shared; id_u refers to user id (anonymised) and id_s
to sentence id.

3.2 Dataset
We introduce MozArt, a four-way multilingual cloze test dataset with
annotator demographics. We sampled 100 sentence quadruples from each
of the four languages (English, French, German, Spanish) in the corpus
provided for the WMT 2006 Shared Task.4 The data was extracted from
the publicly available Europarl corpus Koehn (2005) and enhanced with
word-level bitext alignments Koehn and Monz (2006). The word alignments
are important for what follows. We manually verify that sentences make
sense out of context and use the data to generate comparable cloze examples,
e.g.:

en [MASK] that deplete the ozone layer
es [MASK] que agotan la capa de ozono
de [MASK], die zum Abbau der Ozonschicht führen
fr [MASK] appauvrissant la couche d’ozone

We only mask words which are (i) aligned by one-to-one alignments, and
which are (ii) either nouns, verbs, adjectives or adverbs.5 We mask one word

4www.statmt.org/wmt06/shared-task
5We use spaCy’s part-of-speech tagger Honnibal and Montani (2017) to predict the

syntactic categories of the input words.
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in each sentence and verify that one-to-one alignments exist in all languages.
Following Kleijn et al. (2019), we rely on part-of-speech information to avoid
masking words that are too predictable, e.g., auxiliary verbs or constituents of
multi-word expressions, or words that are un-predictable, e.g., proper names
and technical terms.

Annotators were recruited using Prolific.6 We applied eligibility criteria
to balance our annotators across demographics. Participants were asked to
report (on a voluntary basis) their demographic information regarding gender
and languages spoken. Each eligible participant was presented with 10 cloze
examples. We collected answers from 240 annotators, 60 per language batch,
divided in four balanced demographic groups (gender × native language).
We made sure that each sentence had at least six annotations. Annotation
guidelines for each language were given in that language, to avoid bias and
ensure a minimum of language understanding for non-native speakers. We
manually filtered out spammers to ensure data quality.

The dataset is made publicly available at github.com/coastalcph/mozart
under a CC-BY-4.0 license. We include all the demographic attributes of our
annotators as per agreement with the annotators. The full list of protected
attributes is found in Table 3.1. We hope MozArt will become a useful re-
source for the community, also for evaluating the fairness of language models
across other attributes than gender and native language.

3.3 Experimental Setup
Models We evaluate three PLMs: mBERT Devlin et al. (2019), XLM-
RoBERTa/XLM-R Conneau et al. (2020), and mT5 Xue et al. (2021).7
All three models were trained with a masked language modelling objective.
mBERT differs from XLM-R and mT5 in including a next sentence predic-
tion objective Devlin et al. (2019). mT5 differs from mBERT and XLM-R
in allowing for consecutive spans of input tokens to be masked Raffel et al.
(2020). We adopt beam search decoding with early stopping and constrain
the generation to single words. This enables better correlation of mT5’s out-
put with our group preferences. t-SNE plots are included in Appendix 3.8.2
to show how languages are distributed in the PLM vector spaces.

6prolific.co
7We use the base models available from huggingface.co/models. We report results using

uncased mBERT, since it performed better on our data than its cased sibling.
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Metrics We use several metrics to compare how the PLMs align with group
preferences across languages. These include top-k precision P@k with k={1,
5}, mean reciprocal rank (MRR), and two classical univariate rank correla-
tions: Spearman’s ρ Spearman (1987) and Kendall’s τ Kendall (1938).

Given a set of |S| cloze sentences and a group of annotators, for each
sentence s, we denote the list of answers, ranked by their frequency, as Ws =
[w1, w2, ...], and the list of model’s predictions as Cs = [c1, c2, ...], ranked
by their model likelihood. Then, we report P@k = 1[ci ∈ Ws] with i ∈
[1, k], where 1[·] is the indicator function. Precision is reported together
with its standard deviation, to account for the group-wise disparity in both
dimensions (social groups and language):

σgd =

√∑G
j=1(P@kj − P@k)2

G
(3.1)

where P@k is the mean value of all observations, and G the total number
of groups across the dimension fixed each time i.e., G = 4 across social groups
(MN, FN, MNN, FNN) and G = 4 across languages (EN, ES, DE, FR). We
also compute the mean-reciprocal rank (MRR) of the elements of Ws with
respect to the top-n (n = 5) elements of Cs (Cn

s ):

MRR =
1

|S|

|S|∑
s=1

1

Rank
Cn

s
i

(3.2)

Finally, we compute Spearman’s ρ Spearman (1987) and Kendall’s τ
Kendall (1938) between Ws and C5

s . These metrics are generally more robust
to outliers.

3.4 Results
Following previous work on examining fairness of document classification
Huang et al. (2020); Dixon et al. (2018); Park et al. (2018); Garg et al.
(2019), we focus on group-level performance differences (group disparity).
We measure the group disparity as the variance in PLM’s performance (P@k)
across demographics (gender and native language). Table 3.2 shows better
precision for native speakers in German and French (MN, FN) for P@1.
In terms of group disparity, male non-natives (MNN) is the demographic
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mBERT
P@1 EN ES DE FR
MN 13.3 12.7 11.3 10.7 12.0 (1.0)
FN 13.3 12.0 15.3 8.0 12.2 (2.7)
MNN 12.7 12.4 11.4 3.6 10.0 (3.8)
FNN 13.3 10.0 5.6 6.9 9.0 (3.0)

13.2 (0.3) 11.8 (1.1) 10.8 (3.5) 7.3 (2.5) P@1(σgd)
XLM-R

P@1 EN ES DE FR
MN 16.7 13.3 20.7 16.7 16.9 (2.6)
FN 16.0 15.3 24.0 17.3 18.2 (3.5)
MNN 15.3 13.5 15.0 11.4 13.8 (1.5)
FNN 20.0 14.7 13.1 12.7 15.1 (3.0)

17.0 (1.8) 14.2 (0.8) 18.2 (4.4) 14.5 (2.6) P@1(σgd)
mT5

P@1 EN ES DE FR
MN 2.0 4.7 8.7 5.3 5.2 (2.4)
FN 4.0 3.3 6.7 3.3 4.3 (1.4)
MNN 2.0 4.7 6.4 4.3 4.4 (1.6)
FNN 3.3 6.7 1.9 6.2 4.5 (2.0)

2.8 (0.9) 4.8 (1.2) 5.8 (2.5) 4.8 (1.1) P@1(σgd)

Table 3.2: Results on P@1 score across groups (rows) and languages
(columns), average performance in each language (P@1) and standard de-
viation for group disparity (σgd). Cells are coloured language-wise. Cells
with a darker background are language-wise above the average. Worst group
performance in terms of group disparity (highest variance) is highlighted in
red.

exhibiting the highest disparity across languages in mBERT, while it is female
natives (FN) in XLM-R and male natives (MN) in mT5. Language-wise, we
see the largest group disparity with German in all three models. Here, we see
2.5–4.4 between-group differences, compared to, e.g., 0.3–1.8 between-group
differences for English. See Appendix 3.8.1 for results with P@5.

XLM-R consistently exhibits better overall performance on average, but
higher between-group and between-language differences in terms of precision
(σgd).

Figure 3.1 complements results from Table 3.2 with MRR scores. We
observe a common trend that the models often underperform on non-native
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Figure 3.1: Average MRR (in percentage) per group in each language. Hor-
izontal lines denote the average per language. Best-off (↑) and worst-off (↓)
subgroups for each language are marked.

male speakers in all languages except for Spanish: Performance is (always)
below the average, and they are the worst-off group (↓) in most of the cases.
At the same time, predictions with mBERT and XLM-R seem to be biased
towards native speakers because answers from MN and FN generally rank
highest. Despite none of the models perform equally across groups, XLM-R
shows a lower divergence across languages: Between-group differences are
more than 50% smaller than with mBERT and mT5 when looking at the
average MRR per language.

Table 3.3 gathers group level Spearman’s ρ and average correlation per
language. XLM-R predictions are more uniformly correlated across languages
compared to mBERT, whose lexical preferences are better aligned in English
and Spanish setups, and mT5, whose predictions correlate poorly with human
cloze test answers. However, in line with previous results, the model exhibits
bias towards male native speakers and MNN outlines as the worst performing
group across languages, with a coefficient always below the average. Looking
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mBERT
ρ EN ES DE FR

MN 0.33 (p=0.00) 0.23 (p=0.01) -0.14 (p=0.09) 0.10 (p=0.21)
FN 0.27 (p=0.00) 0.07 (p=0.42) -0.01 (p=0.89) 0.14 (p=0.08)
MNN 0.30 (p=0.00) 0.16 (p=0.03) -0.10 (p=0.23) 0.08 (p=0.32)
FNN 0.37 (p=0.00) 0.16 (p=0.06) 0.03 (p=0.69) 0.08 (p=0.30)
Avg. 0.32 (p=0.00) 0.16 (p=0.00) -0.05 (p=0.21) 0.10 (p=0.01)

XLM-R
ρ EN ES DE FR

MN 0.45 (p=0.00) 0.46 (p=0.00) 0.35 (p=0.00) 0.48 (p=0.00)
FN 0.30 (p=0.00) 0.35 (p=0.00) 0.45 (p=0.00) 0.33 (p=0.00)
MNN 0.30 (p=0.00) 0.38 (p=0.00) 0.22 (p=0.01) 0.32 (p=0.00)
FNN 0.40 (p=0.00) 0.48 (p=0.00) 0.11 (p=0.16) 0.36 (p=0.00)
Avg. 0.36 (p=0.00) 0.41 (p=0.00) 0.28 (p=0.00) 0.37 (p=0.00)

mT5
ρ EN ES DE FR

MN 0.01 (p=0.89) 0.14 (p=0.08) 0.14 (p=0.08) 0.25 (p=0.00)
FN -0.12 (p=0.13) 0.13 (p=0.12) 0.00 (p=0.99) 0.14 (p=0.08)
MNN -0.10 (p=0.22) 0.12 (p=0.11) 0.03 (p=0.74) 0.11 (p=0.18)
FNN -0.07 (p=0.41) 0.28 (p=0.00) 0.04 (p=0.58) 0.11 (p=0.16)
Avg. -0.07 (p=0.07) 0.17 (p=0.00) 0.05 (p=0.23) 0.15 (p=0.00)

Table 3.3: Correlation between groups of annotators (MN, FN, MNN, FNN)
and models’ predictions, classified by language. The degree of correlation
is measured with Spearman’s ρ coefficient (ρ ∈ [−1, 1]). Cells are coloured
language-wise. Cells with a darker background show a stronger correlation
compared to the average in each language. Samples highlighted in red fail to
reject the null hypothesis, meaning that their difference is not statistically
significant (p > 0.05).

into the dimension of languages, German is the least aligned with human’s
answers in all models. Kendall’s τ yields similar results. See Appendix 3.8.1
for details.

It is worth mentioning that our study does not aim to compare models’
performance, but rather to motivate a discussion about the between-group
and between-language differences within each model. The general low preci-
sion of mT5 outputs compared to human answers is likely due to the nature
of the task itself. Because mT5 was trained with a span-mask denoising ob-
jective, it tends to complete the masked-out span with more than one token.
When constraining generation to output one token, we are conditioning its
default behaviour. Better correlation could be achieved by fine-tuning the
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model on completing cloze tests.
(Dis)agreement amongst annotators on the same language gives a mea-

sure of the difficulty of the task. French and German present a higher vari-
ability in the responses (with a vocabulary of 442 and 443 words respectively),
compared to English (374 words), and Spanish (427 words), which reflects in
a lower correlation with models’ predictions.

3.5 Related Work
Multilingual PLMs have been analyzed in many ways: Researchers have,
for example, looked at performance differences across languages Singh et al.
(2019); Wu and Dredze (2020), looked at their organization of language types
Rama et al. (2020), used similarity analysis to probe their representations
Kudugunta et al. (2019), and investigated how learned self-attention in the
Transformer blocks affects different languages Ravishankar et al. (2021).

Previous work on fairness of multilingual models has, to the best of our
knowledge, focused exclusively on task-specific models, rather than PLMs:
Huang et al. (2020) evaluate the fairness of multilingual hate speech detection
models, and several researchers have explored gender bias in multilingual
models Zhao et al. (2020); González et al. (2020). Dayanik and Padó (2021)
consider the effects of adversarial debiasing in multilingual models.

Cloze tests were previously used in Zhang et al. (2021) to evaluate the
fairness of English (monolingual) language models. In psycholinguistics, cloze
tests have been performed with different age groups Hintz et al. (2020) and
native language Stringer and Iverson (2020), but these datasets have, to the
best of our knowledge, not been used to evaluate language models.

3.6 Conclusion
In this paper, we present MozArt, a new multilingual dataset of parallel cloze
examples with annotations from balanced demographics. This dataset is, to
the best of our knowledge, the first to enable apples-to-apples comparison of
group disparity of multilingual PLMs across languages. The dataset includes
several demographic attributes, but we present preliminary experiments with
gender and native language. We show that mBERT, XLM-R and mT5 are
not equally fair across languages. For example, group disparities are much
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higher for German (and French) than for English and Spanish. This shows
the importance of evaluating fairness across languages instead of stipulating
from results for a single language. We further show that cloze test answers
of female native speakers tend to rank highest in both predictive PLMs. We
followed best practices for mitigating the dangers of crowdsourcing Karpinska
et al. (2021); Kleijn et al. (2019) (see §2) and hope MozArt will be widely
adopted and, over time, generate more results for other languages, PLMs
and demographic attributes.

3.7 Limitations
As described in the paper, MozArt builds on top of another dataset, which is
only available in four languages. The original dataset with its manual word
alignments provided a unique opportunity to build MozArt in a way in which
we could account for context, across languages. This of course limits our work
to the languages provided. We acknowledge how multilingual studies of Indo-
European languages may not generalize to languages outside this language
famility, and hope we or others will be able to contribute resources for a more
diverse set of languages in the future.

Ethics Statement
The dataset released contains publicly available content from the proceedings
of the European Parliament. Our work is based on sensitive information pro-
vided by the participants that took on our study in Prolific. The protected
attributes collected are self-reported on a voluntary basis, and participants
gave their consent to share them. In addition to the specific attributes an-
alyzed in our study, which served as prescreening filters, Prolific also pro-
vides baseline data for all studies with the consent of participants to share it
with researchers. For these base attributes, there might be gaps in the data
because it is optional for participants to provide this information. These
attributes are filled as null in the dataset. We performed a pilot study to
determine the amount of time a task would take on average. The partici-
pants were paid based on time worked, and were given the option to opt out
at any time of the study. Participants who revoked consent at any stage are
not included in our study nor in the data released.
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3.8 Appendix

3.8.1 Additional results
In this section, we provide additional analysis results of the PLM’s perfor-
mance on MozArt. We report precision at 5 (P@5), which corresponds to
the number of relevant answers amongst the top 5 candidates. It provides a
more flexible metric for measuring model alignments with open-ended text
answers, but fails to take into account the exact position within the top-k.
Considering the top-5, the bias towards native speakers is diminished espe-
cially in English and Spanish, despite being MNN and FNN the worst groups
—in terms of group disparity— in mBERT and XLM-R respectively. At the
same time, the group disparities are exacerbated as shown in Table 3.4.

Table 3.5 complements results on correlation of the alignment of group
responses. It shows Kendall’s τ coefficient. Conclusions remain almost the
same as studied with Spearman’s coefficient, albeit non-native subgroups in
Spanish are more correlated in mBERT.
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mBERT
P@5 EN ES DE FR
MN 30.7 26.7 22.0 24.0 25.9 (3.3)
FN 32.0 18.7 24.7 22.0 24.4 (4.9)
MNN 34.0 25.9 12.1 15.0 21.8 (8.7)
FNN 32.7 25.3 16.3 16.3 22.7 (6.9)

32.3 (1.2) 24.2 (3.1) 18.8 (4.9) 19.3 (3.8) P@5(σgd)
XLM-R

P@5 EN ES DE FR
MN 39.3 30.7 34.7 32.7 34.4 (3.2)
FN 30.7 25.3 38.0 35.3 32.3 (4.8)
MNN 30.7 29.4 22.1 25.4 26.9 (3.4)
FNN 36.7 34.0 19.4 26.9 29.3 (6.7)

34.3 (3.8) 29.8 (3.1) 28.5 (7.9) 30.3 (4.1) P@5(σgd)
mT5

P@5 EN ES DE FR
MN 10.0 12.7 16.0 11.3 12.5 (2.2)
FN 11.3 10.0 16.7 18.0 14.0 (3.4)
MNN 6.0 11.8 9.3 10.7 9.5 (2.2)
FNN 13.3 16.0 8.7 15.0 13.3 (2.8)

10.2 (2.7) 12.6 (2.2) 12.7 (3.7) 13.8 (3.0) P@5(σgd)

Table 3.4: Results on P@5 score across groups and languages, average per-
formance in each language (P@5) and standard deviation for group disparity
(σgd). Cells are coloured language-wise. Cells with a darker background are
language-wise above the average. Worst group performance in terms of group
disparity (highest variance) is highlighted in red.
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mBERT
τ EN ES DE FR

MN 0.27 (p=0.00) 0.19 (p=0.00) -0.09 (p=0.15) 0.09 (p=0.16)
FN 0.23 (p=0.00) 0.07 (p=0.24) 0.01 (p=0.89) 0.13 (p=0.04)
MNN 0.25 (p=0.00) 0.15 (p=0.01) -0.06 (p=0.32) 0.07 (p=0.28)
FNN 0.29 (p=0.00) 0.14 (p=0.01) 0.03 (p=0.57) 0.06 (p=0.27)
Avg. 0.26 (p=0.00) 0.14 (p=0.00) -0.03 (p=0.41) 0.09 (p=0.01)

XLM-R
τ EN ES DE FR

MN 0.40 (p=0.00) 0.43 (p=0.00) 0.32 (p=0.00) 0.45 (p=0.00)
FN 0.26 (p=0.00) 0.33 (p=0.00) 0.43 (p=0.00) 0.31 (p=0.00)
MNN 0.26 (p=0.00) 0.35 (p=0.00) 0.20 (p=0.01) 0.29 (p=0.00)
FNN 0.35 (p=0.00) 0.45 (p=0.00) 0.10 (p=0.15) 0.34 (p=0.00)
Avg. 0.32 (p=0.00) 0.39 (p=0.00) 0.25 (p=0.00) 0.34 (p=0.00)

mT5
τ EN ES DE FR

MN 0.02 (p=0.79) 0.13 (p=0.06) 0.13 (p=0.06) 0.21 (p=0.00)
FN -0.09 (p=0.16) 0.11 (p=0.11) 0.00 (p=0.98) 0.12 (p=0.08)
MNN -0.08 (p=0.21) 0.10 (p=0.10) 0.03 (p=0.69) 0.10 (p=0.17)
FNN -0.04 (p=0.51) 0.25 (p=0.00) 0.03 (p=0.61) 0.10 (p=0.15)
Avg. -0.07 (p=0.07) 0.15 (p=0.00) 0.05 (p=0.18) 0.13 (p=0.00)

Table 3.5: Correlation between groups of annotators (MN, FN, MNN, FNN)
and models’ predictions, classified by language. The degree of correlation
is measured with Kendall’s τ coefficient (τ ∈ [−1, 1]). Cells are coloured
language-wise. Cells with a darker background show a stronger correlation
compared to the average in each language. Samples highlighted in red fail to
reject the null hypothesis, meaning that their difference is not statistically
significant (p > 0.05).
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3.8.2 t-SNE
To give a brief overview of the semantic multilinguality encoded in the
pretrained models, we run several representations with t-SNE. Figure 3.2
and Figure 3.3 represent the top-1000 predictions in a t-SNE plot for
mBERT and XLM-R respectively. The same sentence is queried to the
model in four languages and, accordingly, to annotators:

en We want to [MASK] innovation .
es Queremos [MASK] la innovación .
de Wir wollen zur Innovation [MASK] .
fr Nous voulons [MASK] l’innovation .

Highest scored predictions are highlighted with a (?). Annotator’s answers
that fell into the top-1000 predictions are denoted with a black edge. In
line with results in Choenni and Shutova (2020), we observe that languages
are mostly projected in separate sub-spaces instead of yielding a neutral
representation, even though they share a common space (vocabulary).

Similarly, Singh et al. (2019) shown a trend towards dissimilarity between
representations for semantically similar inputs in different languages, in
deeper layers of an uncased mBERT. Serve Figure 3.4 as an example,
where the same word “gases” was answered in different languages but is
represented in different subspaces. Figure 3.5 shows a similar behaviour in
XLM-R. The sentences queried are:

en [MASK] that deplete the ozone layer
es [MASK] que agotan la capa de ozono
de [MASK], die zum Abbau der

Ozonschicht führen
fr [MASK] appauvrissant la couche d’ozone
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Figure 3.2: t-SNE representation from the last layer of mBERT for the top-
1000 predictions for the parallel sentences in the list above (“We want to
[MASK] innovation .” in English). Highest scored prediction is starred;
annotator’s answers are denoted by a dot with black edge. Legend shows
language-color mapping.
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Figure 3.3: t-SNE representation from the last layer of XLM-R for the top-
1000 predictions for the parallel sentences in the list above (“We want to
[MASK] innovation .” in English). Highest scored prediction is starred;
annotator’s answers are denoted by a dot with black edge. Legend shows
language-color mapping.
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Figure 3.4: t-SNE representation from the last layer of mBERT for the top-
1000 predictions for the parallel sentences in the list above (“[MASK] that
deplete the ozone layer” in English). The word “gases” is pointed out in each
language (en: gases, es: gases, fr: gaz), as it was a recurrent answer from
different annotators. Highest scored prediction in each language is starred;
annotator’s answers are denoted by a dot with black edge. Legend shows
language-color mapping.
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Figure 3.5: t-SNE representation from the last layer of XLM-R for the top-
1000 predictions for the parallel sentences in the list above (“[MASK] that
deplete the ozone layer” in English). The word “gases” is pointed out in each
language (en: gases, es: gases, fr: gaz), as it was a recurrent answer from
different annotators. Highest scored prediction in each language is starred;
annotator’s answers are denoted by a dot with black edge. Legend shows
language-color mapping.
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Chapter 4

Being Right for Whose Right
Reasons?

Abstract
Explainability methods are used to benchmark the extent to which model
predictions align with human rationalesi.e., are “right for the right reasons”.
Previous work has failed to acknowledge, however, that what counts as a
rationale is sometimes subjective. This paper presents what we think is a
first of its kind, a collection of human rationale annotations augmented with
the annotators demographic information. We cover three datasets spanning
sentiment analysis and common-sense reasoning, and six demographic groups
(balanced across age and ethnicity). Such data enables us to ask both what
demographics our predictions align with and whose reasoning patterns our
models’ rationales align with. We find systematic inter-group annotator dis-
agreement and show how 16 Transformer-based models align better with
rationales provided by certain demographic groups: We find that models
are biased towards aligning best with older and/or white annotators. We
zoom in on the effects of model size and model distillation, finding –contrary
to our expectations– negative correlations between model size and rationale
agreement as well as no evidence that either model size or model distillation
improves fairness.
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4.1 Introduction
Transparency of NLP models is essential for enhancing protection of user
rights and improving model performance. A common avenue for providing
such insight into the workings of otherwise opaque models come from ex-
plainability methods Páez (2019); Zednik and Boelsen (2022); Baum et al.
(2022); Beisbart and Räz (2022); Hacker and Passoth (2022). Explanations
for model decisions, also called rationales, are extracted to detect when mod-
els rely on spurious correlations, i.e., are right for the wrong reasons McCoy
et al. (2019), or to analyze if they exhibit human-like inferential semantics Pi-
antadosi and Hill (2022); Ray Choudhury et al. (2022). Furthermore, model
rationales are used to evaluate how well models’ behaviors align with humans,
by comparing them to human-annotated rationales, constructed by having
annotators mark evidence in support of an instance’s label DeYoung et al.
(2020). Human rationales are, in turn, used in training to improve models
by guiding them towards what features they should (or should not) rely on
Mathew et al. (2021); Rajani et al. (2019).

While genuine disagreement in labels is by now a well-studied phe-
nomenon Beigman Klebanov and Beigman (2009); Plank et al. (2014);
Plank (2022), little attention has been paid to disagreement in rationales.
Since there is evidence that human rationales in ordinary decision-making
differ across demographics Stanovich and West (2000), we cannot, it seems,
blindly assume that what counts as a rationale for one group of people,
e.g,. young men, also counts as a rationale for another group of people, e.g.,
elderly women. This dimension has not been explored in fairness research
either. Could it be that some models that exhibit performance parity,
condition on factors that align with the rationales of some groups, but not
others?

Contributions We present a collection of three existing datasets with
demographics-augmented annotations to enable profiling of models, i.e.,
quantifying their alignment1 with rationales provided by different socio-
demographic groups. Such profiling enables us to ask whose right reasons
models are being right for. Our annotations span two NLP tasks, namely
sentiment classification and common-sense reasoning, across three datasets
and six demographic groups, defined by age {Young, Old} and ethnicity

1We use the terms “agreement” and “alignment” interchangeably.
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We were helped by two awesome ladies.
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Figure 4.1: Experimental setup for a sentiment analysis task. For a given
instance, annotators are asked to choose a label and mark supporting evi-
dence for their choice. For instances with full label agreement, we compare
alignment of rationales (group-group alignment). We do the same to measure
group-model alignment through attention- and gradient-based explainability
methods.

{Black/African American, White/Caucasian, Latino/Hispanic}. We investi-
gate label and rationale agreement across groups and evaluate to what extent
groups’ rationales align with 16 Transformer-based models’ rationales, which
are computed through attention- and gradient-based methods. We observe
that models generally align best with older and/or white annotators. While
larger models have slightly better prediction performance, model size does
not correlate positively with neither rationale alignment nor fairness. Our
work constitutes multi-dimensional research in off-the-beaten-track regions
of the NLP research manifold Ruder et al. (2022). We make the annotations
publicly available. 2 3

4.2 Fairness and Rationales
Fairness generally concerns the distribution of resources, often across soci-
ety as a whole. In NLP, the main resource is system performance. Others
include computational resources, processing speed and user friendliness, but

2github.com/terne/Being_Right_for_Whose_Right_Reasons
3huggingface.co/datasets/coastalcph/fair-rationales
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performance is king. AI fairness is an attempt to regulate the distribution
of performance across subgroups, where these are defined by the product of
legally protected attributes Williamson and Menon (2019).

NLP researchers have uniformly adopted American philosopher John
Rawls’ definition of fairness Larson (2017); Vig et al. (2020); Ethayarajh
and Jurafsky (2020); Li et al. (2021b); Chalkidis et al. (2022), defining
fairness as performance parity, except where it worsens the conditions of
the least advantaged. Several dozen metrics have been proposed, based on
Rawls’ definition (Castelnovo et al., 2022a), some of which are argued to be
inconsistent or based on mutually exclusive normative values Friedler et al.
(2021); Castelnovo et al. (2022a). Verma and Rubin (2018) grouped these
metrics into metrics based only on predicted outcome, e.g., statistical parity,
and metrics based on both predicted and actual outcome, e.g., performance
parity and accuracy equality. Corbett-Davies et al. (2024) argue that metrics
such as predictive parity and accuracy equality do not track fairness in case
of infra-marginality, i.e., when the error distributions of two subgroups are
different. For a better understanding of the consequences of infra-marginality
we refer to Biswas et al. (2019) and Sharma et al. (2020). Generally, there
is some consensus that fairness in NLP is often best evaluated in terms of
performance parity using standard performance metrics Williamson and
Menon (2019); Koh et al. (2020); Chalkidis et al. (2022); Ruder et al. (2022).
We do the same and evaluate fairness in group-model rationale agreement
quantifying performance differences (understanding performance as degree
of rationale agreement) across end user demographics. In doing so, we are
embodying group fairness values: that individuals should be treated equally
regardless of their protected attributes, i.e., group belonging.

Fairness and explainability are often intertwined in the literature due to
the assumption that transparency, through explainability methods, makes it
possible to identify which models are right for the right reasons or, on the
contrary, right by relying on spurious, potentially harmful, patterns Langer
et al. (2021); Balkir et al. (2022). This study tightens the connection between
fairness and explainability, investigating whether model rationales align bet-
ter with those of some groups rather than others. If so, this would indicate
that models can be more robust for some groups rather than others, even in
the face of performance parity on dedicated evaluation data. That is: We
ask whether models are equally right for the right reasons (with the promise
of generalization) across demographic groups.
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Figure 4.2: Overview of the annotation collection process from annotator
recruitment criteria, to the annotation itself, and finally annotator exclusion
criteria. Separately for each dataset, annotators are recruited via Prolific
using specific filters for age, ethnicity and participation status. Recruits are
directed to a Qualtrics survey containing, in consecutive order, a consent
form, a short demographics survey, instructions for the annotation task and
then approx. 10 randomly selected instances of which annotators provide
both labels and rationales for. After annotation, some annotators’ responses
are excluded from our analysis due to certain mismatches in responses. The
annotation process is detailed further in section 4.3.1 and we show the in-
structions and task examples in appendix A.

4.3 Data
We augment a subset of data from three publicly available datasets spanning
two tasks: DynaSent Potts et al. (2020) and SST Socher et al. (2013)4, for
sentiment classification and CoS-E Talmor et al. (2019); Rajani et al. (2019)
for common-sense reasoning.5 For each dataset, we crowd-source annota-
tions for a subset of the data. We instruct annotators to select a label and
provide their rationale for their choice by highlighting supporting words in
the given sentence or question. Table 4.1 shows statistics of the annotations
collected. Annotation guidelines are explained in § 4.3.1 (and included in
full in Appendix 4.7.1) and recruitment procedures are explained in § 4.3.2.

4.3.1 Annotation Process
We summarize the process of collecting annotations in Figure 4.2, where we
depict a three-step process: recruitment, annotation and exclusion. In this
section, we start by describing the second step – annotation – and explain
what is annotated and how it is annotated. We describe our recruitment and
exclusion criteria in the following section, 4.3.2.

4We work with its binary version, SST-2.
5We use the simplified version of CoS-E released by DeYoung et al. (2020).
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Annotators Annotations

×Group Total Total

DynaSent 48 288 2,880
SST-2 26 156 1,578
CoS-E 50 300 3,000

Total 124 744 7,458
Before excl.* - 929 9,310

Table 4.1: Summary of the annotated data, showing, for each dataset, the
amount of annotators within the six demographic groups, the total amount of
annotators and the amount of annotations after workers have annotated ap-
prox. 10 instances each. Reported numbers are after exclusions as described
in § 4.3.2. *We publicly share all annotated data which includes annotators
that were excluded from our analyses.

Annotators are directed to a Qualtrics6 survey and presented with i) a
consent form, ii) a short survey on demographics, iii) instructions for their
annotation task and lastly, iv) a randomly selected set of n ≈ 10 instances to
annotate, out of a subset of size N . As a result of this procedure, each group,
for each dataset, is represented by approximately N/n annotators. Data
points are annotated for both classification labels and extractive rationales,
i.e., input words that motivate the classification.

Existing rationale datasets are typically constructed by giving annotators
“gold standard” labels, and having them provide rationales for these labels.
Instead, we let annotators provide rationales for labels they choose them-
selves. This lets them engage in the decision process, but it also acknowledges
that annotators with different backgrounds may disagree on classification
decisions. Explaining other people’s choices is error-prone Barasz and Kim
(2022), and we do not want to bias the rationale annotations by providing
labels that align better with the intuitions of some demographics than with
those of others. For the sentiment analysis datasets, we discard neutral in-
stances because rationale annotation for neutral instances is ill-defined. Yet,
we still allow annotators to evaluate a sentence as neutral, since we do not
want to force our annotators to provide rationales for positive and negative
sentiment that they do not see.

6www.qualtrics.com
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DynaSent We re-annotate N = 480 instances six times (for six demo-
graphic groups), comprising 240 instances labeled as positive, and 240 in-
stances labeled as negative in the DynaSent Round 2 test set (see Potts
et al. (2020)). This amounts to 2,880 annotations, in total. Our sentiment
label annotation follows the instructions of Potts et al. (2020). To annotate
rationales, we formulate the task as marking “supporting evidence” for the
label, following how the task is defined by DeYoung et al. (2020). Specifi-
cally, we ask annotators to mark all the words, in the sentence, they think
shows evidence for their chosen label.

SST-2 We re-annotate N = 263 instances six times (for six demographic
groups), which are all the positive and negative instances from the Zuco
dataset of Hollenstein et al. (2018)7, comprising a mixture of train, validation
and test set instances from SST-2, which we remove from the original data
before training the models. Instructions for sentiment annotations build on
the instructions by Potts et al., combined with a few examples from Zaidan
et al. (2007). The instructions for annotating rationales are the same as for
DynaSent.

CoS-E We re-annotate N = 500 instances from the test set six times (for
six demographic groups) and ask annotators to firstly select the answer to
the question that they find most correct and sensible, and then mark words
that justifies that answer. Following Chiang and Lee (2022), we specify the
rationale task with a wording that should guide annotators to make short,
precise rationale annotations:

“For each word in the question, if you think that removing it will
decrease your confidence toward your chosen label, please mark
it.”

4.3.2 Annotator Population
We recruited annotators via Prolific based on two main criteria, age and
ethnicity, previously identified as related to unfair performance differences of

7The Zuco data contains eye-tracking data for 400 instances from SST. By annotating
some of these with rationales, we add an extra layer of information for future research.
Note that there is a typo in Hollenstein et al. (2018). There is 263 positive and negative
instances (not 277).
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NLP systems Hovy and Søgaard (2015); Jørgensen et al. (2016); Sap et al.
(2019); Zhang et al. (2021).

Recruitment In our study, there is a trade-off between collecting annota-
tions for a diverse set of data instances (number of tasks and sentences) and
for a diverse set of annotators (balanced by demographic attributes), while
keeping the study affordable and payment fair. Hence, when we want to
study differences between individuals with different ethnic backgrounds, we
can only study a subset of possible ethnic identities (of which there are many
categories and diverging definitions). We balanced the number of annotators
across three ethnic groups — Black/African American (B), Latino/Hispanic
(L) and White/Caucasian (W) — and two age groups —below 36 (young,
Y) and above 37 (old, O), excluding both — whose cross-product results in
six sub-groups: {BO, BY, LO, LY, WO, WY}. We leave a two-year gap be-
tween the age groups in order to not compare individuals with very similar
ages. Furthermore, the age thresholds are inspired by related studies of age
differences in NLP-tasks and common practices in distinguishing groups with
an age gap Johannsen et al. (2015); Hovy and Søgaard (2015) and around
the middle ages Zhang et al. (2021). Our threshold also serves to guarantee
sufficient proportions of available crowdworkers in each group. Our ethnicity
definition follows that of Prolific, which features in a question workers have
previously responded to and hence are recruited by, defining ethnicity as:

“[a] feeling of belonging and attachment to a distinct group of a
larger population that shares their ancestry, colour, language or
religion”

While we do not require all annotators to be fluent in English, we instead
ask about their English-speaking abilities in the demographics survey and
find that 75% of the participants speak English “very well” and only 1%
“not well”, and the remaining “well”.

Exclusions Annotators who participated in annotating one task were ex-
cluded from participating in others. After annotation, we manually check
whether a participant’s answers to our short demographics survey correspond
to their recruitment criteria. We found many discrepancies between recruit-
ment ethnicity and reported ethnicity, especially for Latino/Hispanic individ-
uals, who often report to identify as White/Caucasian. This highlights the
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difficulty of studying ethnicities as distinct, separate groups, as it is common
to identify with more than one ethnicity8. Hence, the mismatches are not
necessarily errors. For our experiments, we decided to exclude participants
with such mismatches and recruit new participants to replace their responses
(see Appendix 4.7.2 for further details). A smaller amount of participants
were excluded due to mismatch in reported age or due to failing a simple at-
tention check. We release annotations both with and without the instances
excluded from our analyses. The final data after pre-processing consist of
one annotation per instance for each of the six groups, i.e., six annotations
per instance in total. Annotators annotated (approximately) 10 instances
each. All participants were paid equally.

4.4 Experiments
We first conduct an analysis of group-group label agreement (i.e., comparing
human annotator groups with each other, measuring human agreement on
the sentiment and answer labels) and rationale agreement (measuring human
agreement on rationale annotations) to characterize inter-group differences.
We then move to group-model agreement (comparing the labels and ratio-
nales of our annotator groups to model predictions and model rationales)
and ask: Do models’ explanations align better with certain demographic
groups compared to others? In our analysis, we further focus on how ra-
tionale agreement and fairness behave depending on model size and model
distillation.

We probe 16 Transformer-based models9. To ease readability, we will
use abbreviations following their original naming when depicting models’
performance10.
We fine-tune the models individually on each dataset (see Figure 4.3). SST-2

8General Social Survey as well as US Census allow respondents to report multiple
ethnicities for this reason. See, e.g., a GSS 2001 report commenting on multi-ethnicity:
shorturl.at/BCP49.

9All pretrained models can be downloaded at huggingface.co/models.
10{abv2: albert-base-v2, alv2: albert-large-v2, mlm-l6: MiniLM-L6-H384-uncased,

mlm-l12: MiniLM-L12-H384-uncased, axlv2: albert-xlarge-v2, dbu: distilbert-base-
uncased, dr: distilroberta-base, bbu: bert-base-uncased, rb: roberta-base, mrb: muppet-
roberta-base, dv3b: deberta-v3-base, axxlv2: albert-xxlarge-v2, blu: bert-large-uncased,
rl: roberta-large, mrl: muppet-roberta-large, dv3l: microsoft/deberta-v3-large}
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and CoS-E simplified11 are modeled as binary classification tasks; DynaSent
is modeled as a ternary (positive/negative/neutral) sentiment analysis task.
We exclude all annotated instances from the training splits; for CoS-E, we
downsample the negative examples to balance both classes in the training
split. After fine-tuning for 3 epochs, we select the checkpoint with the high-
est validation accuracy to run on our test (annotated) splits and apply two
explainability methods to obtain input-based explanations, i.e., rationales,
for the predictions made.

We measure label agreement with appropriate variants of F1 (SST-2
binary-F1; DynaSent macro-F1; CoS-E mean of binary-F1 towards the nega-
tive and the positive class). CoS-E simplified represents a slightly different
task (see footnote 11) from what the annotators were presented to solve (a
multi-class question-answering task). To correctly measure label agreement,
we evaluate whether a model predicts “True” for the question-answer pair
with the answer selected by the annotator. Therefore, to avoid misleading
F1 scores if, for example, a model predominantly predict True, we report
the mean of the F1 towards each class. We explain below how we measure
rationale agreement.

Explainability methods We analyze models’ predictions through two
families of post-hoc, attribution-based12 explainability methods: Attention
Rollout (AR) Abnar and Zuidema (2020) and Layer-wise Relevance Propa-
gation (LRP) Bach et al. (2015), a gradient-based method. Ali et al. (2022c)
compare these methods, showing how their predicted rationales are frequently
uncorrelated. Both AR and LRP thus provide token level rationales for a
given input, but while AR approximates the relative importance of input to-
kens by accumulating attention, LRP does so by backpropagating “relevance”
from the output layer to the input, leading to sparser attribution scores. We
rely on the rules proposed in Ali et al. (2022c), an extension of the original
LRP method Bach et al. (2015); Arras et al. (2017) for Transformers, aiming
to uphold the conservation property of LRP in Transformers as well. This
extension relies on an “implementation trick”, whereby the magnitude of any

11CoS-E simplified represents each of the original questions into five question-answer
pairs, one per potential answer, and label them as True (the right question-answer pair)
or False.

12The methods are applied at inference time and provide explanations locally, i.e., for
each individual instance, indicating the relative importance of each input token through
a score distribution.
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output remains intact during backpropagation of the gradients of the model.

Comparing rationales Attention-based and gradient-based methods do
not provide categorical relevance of the input tokens, but a vector Si with
continuous values for each input sentence i. We translate Si into a binary vec-
tor Sb

i following the procedure from Wang et al. (2022c) for each group. We
define the top-kgd tokens as rationales, where kgd is the product of the current
sentence length (tokens) and the average rationale length ratio (RLR) of a
group g within a dataset d. On average, RLR for SST-2 are shorter (29.6%)
compared to DynaSent (31.9%) and CoS-E (33.0%) (see Appendix 4.7.2 for
specific values). Models’ outputs are also preprocessed to normalize different
tokenizations and to match the input format given to annotators.
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Figure 4.3: Group-model label agreement over our annotated data, measured
by F1-score. Error bars show variance between the best and worst performing
groups. Models are ordered by size from smallest to largest from left to right.

After aligning explanations from models and annotators in the same
space, we can compare them. We employ two metrics specifically designed to
evaluate discrete rationales: token-level F1 (token-F1) (Equation 4.1) DeY-
oung et al. (2020); Wang et al. (2022c), and Intersection-Over-Union F1

(IOU-F1) (Equation 4.3) as presented in DeYoung et al. (2020). These met-
rics are flexible enough to overcome the strictness of exact matching.13

13Formally,
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4.5 Results and Discussion
Figure 4.3 shows group-model label agreement over our annotated data.14

Error bars show the variability between best and worst performing groups.
CoS-E exhibits the lowest variability, indicating less variability in label agree-
ment between groups.

When annotators disagree on the label of an instance, it is to be expected
that their rationales will subsequently be different. Therefore, to compare
group-group (§ 4.5.1) and group-model (§ 4.5.2) rationales more fairly, we
focus on the subset of instances where all groups are in agreement about the
label, i.e., instances with full label agreement. This amounts to 209, 152 and
161 instances for DynaSent, SST-2 and CoS-E, respectively.

token-F1 =
1

N

N∑
i=1

2× Pi ×Ri

Pi +Ri
(4.1)

where Pi and Ri are the precision and recall for the ith instance, computed by consid-
ering the overlapped tokens between models’ and annotators’ rationales. To measure
Intersection-Over-Union, we define the categorical vector given by the annotators for each
sample as Ai. Thereby,

IOUi =
|Sb

i ∩Ai|
|Sb

i ∪Ai|
(4.2)

and

IOU-F1 =
1

N

N∑
i=1

{
1 if IOUi ≥ 0.5
0 otherwise. (4.3)

These metrics account for plausibility DeYoung et al. (2020) of the models’ rationales,
i.e., the degree to which they are agreeable to humans, as well as the extent to which
models are “right for the right reasons” McCoy et al. (2019). Since we are interested in
comparing rationale alignment between groups and between groups and models, measuring
plausability is our go-to. Other research Jacovi and Goldberg (2020); Setzu et al. (2021)
focus on properties like faithfulness, which reflect a model’s true decision process, i.e.,
whether the provided rationale influenced the corresponding decision, generally measured
through perturbation experiments.

14See Figure 4.15 in Appendix 4.7.3 for a detailed representation of group-model label
agreement.
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Figure 4.4: Group-group rationale agreement for instances with full label
agreement. Agreement is measured by token-level binary F1. On the left
side, average and std (error bar) token-F1 for 20 random combinations of
paired group rationales over all datasets. On the right, each group-group
agreement for each dataset. We observe lower agreement for BY except in
CoS-E. WO tends to agree more with other groups, especially in CoS-E.

4.5.1 Analysis of Group-Group Agreement
We first want to quantify how different the rationales of one group are to
those of others, and more generally to a random population. We compare
each groups’ set of rationales to a random paired set of rationales, where
the rationale of each instance is randomly picked from one of the five other
groups. Figure 4.4 shows the overall agreement score, average token-F1 across
datasets, and its standard deviation from 20 random seeds, i.e., 20 random
combinations of paired rationales. We observe that rationales of White an-
notators (WO, WY) are on average more similar to others while the average
difference with the rationales of minority groups like, for example, Black
Young (BY), is greater.

We then compute the level of rationale agreement (token-F1) between all
groups (heatmaps on Figure 4.4) and observe that, in general, differences
in group-group rationale agreement are consistent across datasets (tasks):
Black Youngs (BY) have lower alignment with others, especially in sentiment
analysis tasks. While the definition of rationales for DynaSent seems to be
easier (higher values of agreement), it seems to be harder (lower values of
agreement) for CoS-E, even when the label is agreed upon. We hypothesize
this is due to the complexity of the CoS-E task itself, which also leads to
more lengthy rationales, as reflected by the average RLR reported on § 4.4,
probably in the absence of a clear motivation for the selected answer.

The definition of what is common-sense varies across cultures and it is re-
lated to a person’s background Hershcovich et al. (2022), which makes CoS-E
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a highly subjective task15. Take for example the question “Where would you
find people standing in a line outside?” with these potential answers: “bus
depot”, “end of line”, “opera”, “neighbor’s house” and “meeting”. Even if
there is agreement on the correct choice as “bus depot”, the rationale behind
it could easily differ amongst people, i.e., it could be due to “people stand-
ing”, or the fact that they are standing in “a line outside”, or all together.

4.5.2 Analysis of Group-Model Agreement
Now that we have analyzed group-group agreement, we measure the align-
ment between groups’ rationales and models’ rationales. We analyze predic-
tions from 16 Transformer-based models and employ AR and LRP to extract
model rationales. Methods for comparing rationales and measuring group-
model agreement are explained in Section 4.4.

Socio-demographic fairness Figure 4.5 shows a systematic pattern of
model rationales aligning better with the rationales of older annotators in
each ethnic group (BO, LO, WO) on the sentiment datasets. The only ex-
ception is White Young (WY) annotators in SST-2, whose median token-F1

is higher than their older counterpart. We argue this is due, in part, to the
data source of the tasks themselves. While DynaSent constitutes an ensem-
ble of diverse customer reviews, SST is based on movie review excerpts from
Rotten Tomatoes with a more informal language, popular amongst younger
users. Findings from Johannsen et al. (2015) and Hovy and Søgaard (2015)
indicate that there exist grammatical differences between age groups. Jo-
hannsen et al. (2015) further showed several age and gender-specific syntactic
patterns that hold even across languages. This would explain not only the
noticeable group-group differences when marking supporting evidence (lexi-
cal structures) for their answers, but also the agreement disparity reflected
by models fine-tuned on potentially age-biased data.

Results are consistent with previous findings of Zhang et al. (2021), who
show a variety of language models aligning better with older, white annota-
tors, and worse with minority groups, in word prediction tasks. We observe
that group-model rationale agreement does not correlate with group-model
class agreement, i.e., when a model performs well for a particular group,
it does not necessarily entail that its rationales, or learned patterns, align.

15This is specially notorious on the query type people.
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Figure 4.5: Box-plots of group-model rationale alignment for the two sen-
timent datasets measured with token-F1. Model rationales are extracted
with LRP. Each dot represents a model’s token-F1 score for the respective
group. We see that for each ethnic group, model rationales align better with
rationales of older annotators, except for White Young (WY) annotators
of SST-2. DistilRoBERTa (dr) is an outlier, consistently showing the best
scores in both datasets across groups.

Group-model rationale agreement evaluated with Attention Rollout and CoS-
E are shown in Figure 4.16 in Appendix 4.7.3, along with results using the
complementary metric (IOU-F1). The patterns derived from them are in line
with those in Figure 4.5: AR shows similar behaviours as LRP, but leads
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Figure 4.6: Group-model rationale alignment (token-F1). Error bars show
the distance between the groups with the highest and lowest scores. On the
X-axis, models are ordered from smallest to largest. We show Spearman
correlation coefficients, ρ, between token-F1 scores (the concatenation of all
groups’ scores) and model sizes (in Million parameters), finding token-F1 to
be negatively correlated with model size in most cases.

to larger variation between models. However CoS-E, which, as explained, is
a very different task, does not seem to exhibit big group differences. This
is also noticeable in Figure 4.6, where error bars show the distance between
groups with the highest and lowest level of agreement in every model.

The role of model size In general, larger language models seem to per-
form better on NLP tasks. In our setting, Figure 4.3 shows a positive
trend with model size: larger models achieve, in general, higher performance.
Could it be the case that larger language models also show higher rationale
agreement? And, are they consequently more fair? We evaluate fairness in
terms of performance parity: min-max difference between the group with
the lowest and highest token-F1 (per model). Relying on min-max difference
captures the widely shared intuition that fairness is always in the service of
the worst off group Rawls (1971).

Contrary to our expectations, Figure 4.6 shows how token-F1 scores actu-
ally decrease with model size – with CoS-E model rationales from LRP being
the only exception to the trend. We report Spearman correlation values for
each dataset and explainability method: The negative correlation between
token-F1 and model size is significant in all three datasets with AR, but
only in DynaSent with LRP. The positive correlation in CoS-E with LRP
rationales is also significant.

When we zoom in on the min-max Token-F1 gaps (error bars on Fig-
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token-F1 (↑) IOU-F1 (↑) min-max
token-F1 (↓)

min-max
IOU-F1 (↓)

minilm-l6-h384-unc. .31 .28 .045 .068
minilm-l12-h384-unc. .27 .21 .045 .083
distilbert-base-unc. .29 .24 .064 .100
distilroberta-base .36 .36 .065 .069
Avg. (16 models) .29 .24 .054 .081

Table 4.2: Group-model alignment for four distilled models. Bottom row
shows average scores across all 16 models considered in this paper. Values
in bold are better than the average (lower if ↓, higher if ↑). While rationale
alignment (token-F1 and IOU-F1) seem to be better for distilled models, only
minilm-l6-h384-uncased is also fairer than the average (in terms of min-
max difference) with both metrics.

ure 4.6)16, we find that performance gaps are uncorrelated with model size.
Therefore, there is no evidence that larger models are more fair, i.e., ratio-
nale alignment does not become more equal for demographic groups. In the
context of toxicity classification, work from Baldini et al. (2021) also hints
that size is not well correlated with fairness of models.

Do distilled models align better? Knowledge distillation has been
proven to be effective in model compression while maintaining model
performance Gou et al. (2021). But can it also be effective in improving
NLP fairness? Xu and Hu (2022) find a consistent pattern of toxicity and
bias reduction after model distillation. Chai et al. (2022) show promising
results when approaching fairness without demographics through knowledge
distillation. Tan et al. (2018) discuss the benefits of applying knowledge dis-
tillation to leverage model interpretability. Motivated by these findings, we
take results from LRP to look closer into group-model rationale agreement
for distilled models, which we show in Table 4.2. We find overall higher
rationale agreement for distilled models. However, there is no evidence that
distilled models are also more fair: Only minilm-l6-h384-uncased has a
smaller performance gap between the best and worst-off group for both
metrics compared to the average.

16See Figure 4.17 in Appendix 4.7.3.2 for a plot of the gaps themselves.
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4.6 Conclusion
In this paper, we present a new collection of three existing datasets with
demographics-augmented annotations, balanced across age and ethnicity. By
having annotators choose the right label and marking supporting evidence
for their choice, we find that what counts as a rationale differs depending on
peoples’ socio-demographic backgrounds.

Through a series of experiments with 16 popular model architectures and
two families of explainability methods, we show that model rationales align
better with older individuals, especially on sentiment classification. We look
closer at model size and the influence of distilled pretraining: despite the
fact that larger models perform better in general NLP tasks, we find negative
correlations between model size and rationale agreement. Furthermore, from
the point of view of performance parity, we find no evidence that increasing
model size improves fairness. Likewise, distilled models do not seem to be
more fair in terms of rationale agreement, however they do present overall
higher scores.

This work indicates the presence of undesired biases that do not neces-
sarily surface in task performance. We believe this provides an important
addendum to the fairness literature: Even if models are fair in terms of pre-
dictive performance, they may still exhibit biases that can only be revealed
by considering model rationales. If models are equally right, but only right
for the right reasons in the eyes of some groups rather than others, they will
likely be less robust for the latter groups.

Limitations
Our analysis is limited to non-autoregressive Transformer-based models, fine-
tuned with the same set of hyperparameters. Hyperparameter optimization
would undoubtedly lead to better performance for some models, but we fine-
tuned each model with standard hyperparameter values for solving sentiment
analysis tasks DeYoung et al. (2020) to reduce resource consumption. This
should not affect the conclusions drawn from our experiments.

Comparing human rationales and rationales extracted with interpretabil-
ity methods such as Attention Rollout and LRP is not straightforward. Over-
all agreement scores depend on how model rationales are converted into cat-
egorical values (top-kgd). See Jørgensen et al. (2022) for discussion.
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Intended use The collected annotations and demographic information will
be publicly available to be used for research purposes only.

4.7 Appendix

4.7.1 Annotation guidelines and task examples
On the next pages, we firstly show the annotation instructions given to anno-
tators within the Qualtrics surveys. Full exports of the surveys are available
in our GitHub repository.17

We created instructions specific for each dataset (DynaSent, SST-2, and
CoS-E), leaning on prior work of annotating labels and rationales for these
and similar datasets Potts et al. (2020); Zaidan et al. (2007); DeYoung et al.
(2020), as described in the paper, section 4.3.1.

Figures 4.7–4.8, 4.9–4.10, and 4.11–4.12 show the instructions for Dy-
naSent, SST-2 and CoS-E, respectively, and Figure 4.13 shows an example of
how an instance for the sentiment task and the common-sense reasoning task
is annotated, i.e. how it looked from the perspective of the crowdworkers.

Annotating rationales for the common-sense reasoning task is somewhat
more complex than annotating rationales for sentiment: while we can ask
annotators to mark “evidence” for a sentiment label —often resulting in
marking words that are positively or negatively loaded— we cannot as simply
ask for “evidence” for a common-sense reasoning answer without risking some
confusion. Take, for instance, the question “Where do you find the most
amount of leafs?” with the answer being “Forest”, as shown in Figure 4.11.
Here, the term “evidence” might be misunderstood as actual evidence for
why there would be more leafs in the forest compared to a field —evidence
which cannot be found within the question itself. We therefore re-phrase
the rationale annotation instructions for CoS-E, following an example from
Chiang and Lee (2022), and ask, “For each word in the question, if you
think that removing it will decrease your confidence toward your chosen
label, please mark it.” Furthermore, the subset of the CoS-E dataset, that
we re-annotate, consists of the more “difficult” split of the CommonsenseQA
dataset Talmor et al. (2019); DeYoung et al. (2020). To make the task as
clear as possible to the annotators, we explain, in the instructions, that the
question and answer-options have been created by other crowdworkers who

17github.com/terne/Being_Right_for_Whose_Right_Reasons.
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were instructed to create questions that could be “easily answered by humans
without context, by the use of common-sense knowledge”, as is described by
Talmor et al. (2019).

Complete label agreement
Dataset N Pos Neg Neutral Total

DynaSent 480 105 102 2 209
SST 263 79 73 0 152
CoS-E 500 - - - 161

Table 4.3: Number of instances, in our (re-)annotated data, where all anno-
tator groups agreed upon the instance’s label.

4.7.2 Annotations Overview
Table 4.3 shows the number of instances in the data subsets, we work with,
and the number of instances where all our annotator groups agreed on the
label and that are therefore used for rationale-agreement analyses. Table
4.4 gives further information on the distribution of annotators, across groups
and datasets, as well as ratios of rationale lengths to input lengths.

4.7.3 Supplementary Figures
For completeness, we provide supplementary figures for all the metrics and
datasets analyzed in the paper.

4.7.3.1 Label Agreement

Heatmaps in Figure 4.14 show the level of group-group label agreement across
datasets. Similar to what is shown in Figure 4.4, BY consistently exhibit
lower level of agreement.

Box-plots in Figure 4.15 represent group-model label agreement. Each
dot represents the F1-score of each model. While for Cos-E the models
generally exhibit lower variability across groups, the level of agreement is
also lower (as shown in Figure 4.3).
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Dataset BO BY LO LY WO WY Total/Avg.

DynaSent
Annot. 51 56 61 73 54 51 346
Annot.∗ 48 (58%F) 48 (67%F) 48 (44%F) 48 (40%F) 48 (56%F) 48 (48%F) 288
RLR 33.7 32.5 31.5 29.8 34.7 29.1 31.9

SST
Annot. 28 27 53 43 27 29 207
Annot.∗ 26 (69%F) 26 (58%F) 26 (38%F) 26 (31%F) 26 (38%F) 26 (69%F) 156
RLR 32.1 25.1 30.7 27.8 29.1 32.7 29.6

CoS-E
Annot. 52 56 74 85 54 55 376
Annot.∗ 50 (60%F) 50 (60%F) 50 (40%F) 50 (48%F) 50 (48%F) 50 (40%F) 300
RLR 31.9 32.9 34.1 32.2 33.3 33.6 33.0

Table 4.4: Overview of our annotated data. Rows display statistics per
dataset. Columns refer to each demographic group: Black/African Ameri-
can old (BO) and young (BY), Latino/Hispanic old (LO) and young (LY),
White/Caucasian old (WO) and young (WY). Last column show the to-
tal quantity of each feature over all groups. Row-wise within each dataset:
‘Annot.’ and ‘N’ reflect the total number of annotators and instances, respec-
tively. Annot.∗ refers to the number of annotators left after pre-processing
(see exclusion criteria in Section 4.3.2). Number shown between brackets
refers to the percentage of female annotators. RLR represents the ratio of
rationale length to its input length (percentage).

4.7.3.2 Rationale Alignment

Figure 4.16 is the extended version of Figure 4.5, showing the group-model
rationale agreement for each dataset, each explainability method and with
two metrics for measuring agreement, token-F1 and IOU-F1.

The bar charts in Figure 4.17 shows, per model and dataset, the distance
between the group with the lowest and highest agreement with the model
(by token-F1), which we refer to as the “min-max token-F1 gaps” in section
4.5.2. We include this plot because it serves to better illustrate the gaps
themselves, and how they are uncorrelated with model size, compared to
what Figure 4.6 in the paper can convey.
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Instructions
Please read these instructions carefully.

You will be shown 10 sentences from reviews of products and services. For
each, your task is to choose from one of our three labels:

Positive: The sentence conveys information about the author’s positive
evaluative sentiment.

Negative: The sentence conveys information about the author’s negative
evaluative sentiment.

No sentiment: The sentence does not convey anything about the author’s
positive or negative sentiment.

Here are some examples of the labels:

Sentence: This is an under-appreciated little gem of a movie.
(This is Positive because it expresses a positive overall opinion.)

Sentence: I asked for my steak medium-rare, and they delivered it perfectly!
(This is Positive because it puts a positive spin on an aspect of the author’s
experience.)

Sentence: The screen on this device is a little too bright.
(This is Negative because it negatively evaluates an aspect of the product.)

Sentence: The book is 972 pages long.
(This is No sentiment because it describes a factual matter with not evaluative
component.)

Sentence: The entrees are delicious, but the service is so bad that it’s not
worth going.
(This is Negative because the negative statement outweighs the positive one.)

Sentence: The acting is great! The soundtrack is run-of-the mill, but the
action more than makes up for it.
(This is Positive because the positive statements outweighs the negative.)

Figure 4.7: DynaSent annotation instructions (part 1/2).
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We further ask you to specify what snippets of text, in the sentence, you think
acts as supporting evidence for your chosen label. The sentence will be shown
to you as illustrated below, and your task is to mark (by clicking on them) all
the words you think shows evidence for the sentiment label you chose.

Be aware that some sentences might be too long to fit on your screen. You
therefore have to remember to scroll in order to see all the words that can be
marked as evidence.

Click the forward button below when you are ready to start the task.

Figure 4.8: DynaSent annotation instructions (part 2/2).
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Instructions
Please read these instructions carefully.

You will be shown approximately 10 sentences from reviews of movies. For
each, your task is to choose from one of our three labels:

Positive: The sentence conveys information about the author’s positive
evaluative sentiment.
Negative: The sentence conveys information about the author’s negative
evaluative sentiment.
No sentiment: The sentence does not convey anything about the author’s
positive or negative sentiment.

Here are some examples of the labels:

Sentence: This is an under-appreciated little gem of a movie.
(This is Positive because it expresses a positive overall opinion.)

Sentence: he is one of the most exciting martial artists on the big screen,
continuing to perform his own stunts and dazzling audiences with his flashy
kicks and punches.
(This is Positive because it positively evaluates an aspect of the movie.)

Sentence: The acting is great! The soundtrack is run-of-the-mill, but the
action more than makes up for it.
(This is Positive because the positive statements outweigh the negative.)

Sentence: The story is interesting but the movie is so badly put together that
even the most casual viewer may notice the miserable pacing and stray plot
threads.
(This is Negative because the negative statement outweighs the positive one.)

Sentence: A woman in peril. A confrontation. An explosion. The end. Yawn.
Yawn. Yawn.
(This is Negative because it puts a negative spin on the author’s experience.)

Figure 4.9: SST-2 annotation instructions (part 1/2).
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Sentence: don’t go see this movie.
(This is Negative because it recommends against seeing the movie, reflecting
a negative evaluation.)

Sentence: it is directed by Steven Spielberg.
(This is No sentiment because it describes a factual matter with no evaluative
component.)

Sentence: I saw it in the local theater with my best friend.
(This is No sentiment because it does not say anything about the movie.)

We further ask you to specify what snippets of text, in the sentence, you think
acts as supporting evidence for your chosen label. The sentence will be shown
to you as illustrated below, and your task is to mark (by clicking on them) all
the words you think shows evidence for the sentiment label you chose.

Be aware that some sentences might be too long to fit on your screen. In that
case you have to scroll in order to see all the words that can be marked as
evidence.

Click the forward button below when you are ready to start the task.

Figure 4.10: SST-2 annotation instructions (part 2/2).
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Instructions
(Please read these instructions carefully.)

You will be shown 10 multiple-choice questions. All questions and their
answer-options have been created by other crowdworkers, who where in-
structed to create questions that can be fairly easily answered by humans
without context, by the use of common-sense knowledge.

Your task is to firstly select the answer you think is most correct and sensible.
We call this the label of the question. Secondly, we ask you to mark relevant
words in the question that justifies your choice. Specifically, for each word
in the question, if you think that removing it will decrease your confidence
toward your chosen label, you should mark it.

In the image below, you see an example of how the task will be presented to
you. To the question “Where do you find the most amount of leafs?”, the
option “Forest” is selected as the correct answer and four words have been
marked as justification.

Figure 4.11: CoS-E annotation instructions (part 1/2).
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When marking words, be aware that some questions might be longer and not
fit perfectly on your screen. In that case you have to scroll in order to see all
the words that can be marked. Also, the texts may have misspellings, typos
and wrongly put spaces before punctuation – pay no attention to this.

Click the forward button below when you are ready to start the task.

Figure 4.12: CoS-E annotation instructions (part 2/2).
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(a) Sentiment annotation example.

(b) Common-sense reasoning annotation example.

Figure 4.13: Screenshots of the annotation tasks as they are viewed in
Qualtrics surveys.
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Figure 4.14: Group-group label agreement (F1-scores).
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Figure 4.16: Box-plots of group-model rationale agreement for the each
dataset measured with Token-F1 (left) and IOU-F1 (right). Model rationales
are extracted with Attention Rollout (top row) and LRP (bottom row). Each
dot represents a model’s agreement with the respective group.
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Figure 4.17: Per-model difference between the group with the lowest (min)
and highest (max) model-group agreement measured with token-F1. Models
on the x-axis are sorted by model size. The min-max captures a measure of
fairness, with a smaller difference entailing more equal model-group rationale
alignments. We find that the differences are uncorrelated with model size (in
Million parameters), as is visible in this plot.
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Chapter 5

Evaluating Bias and Fairness in
Gender-Neutral Pretrained
Vision-and-Language Models

Abstract
Pretrained machine learning models are known to perpetuate and even am-
plify existing biases in data, which can result in unfair outcomes that ul-
timately impact user experience. Therefore, it is crucial to understand the
mechanisms behind those prejudicial biases to ensure that model performance
does not result in discriminatory behaviour toward certain groups or popu-
lations. In this work, we define gender bias as our case study. We quantify
bias amplification in pretraining and after fine-tuning on three families of
vision-and-language models. We investigate the connection, if any, between
the two learning stages, and evaluate how bias amplification reflects on model
performance. Overall, we find that bias amplification in pretraining and after
fine-tuning are independent. We then examine the effect of continued pre-
training on gender-neutral data, finding that this reduces group disparities,
i.e., promotes fairness, on VQAv2 and retrieval tasks without significantly
compromising task performance.
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5.1 Introduction
As shown by Mitchell (1980) and Montañez et al. (2019), inductive biases
are essential for learning algorithms to outperform random guessing. These
task-specific biases allow algorithms to generalize beyond training data but,
necessarily, they should not be conflated with prejudicial or unwanted biases.
Unwanted bias, such as bias against demographic groups, can be found in
many applications, from computer vision systems to natural language pro-
cessing (NLP). Vision-and-language (V&L) models lie at the intersection of
these areas, where one of the key challenges is deploying robust models to
perform high-level reasoning based on the multimodal context instead of ex-
ploiting biases in data (Zhao et al., 2017a).

Multiple studies Lee et al. (2021); Hirota et al. (2022a); Zhou et al. (2022)
have shown that V&L models leverage co-occurrences between objects and
their context to make predictions, and thus are susceptible to unwanted bi-
ases. However, these authors do not explore the broad landscape of V&L
models and focus on biases in common visual datasets Wang et al. (2022a);
Hirota et al. (2022b), only on pretrained models Zhou et al. (2022) or only
focus on one application, e.g., image captioning Burns et al. (2018); Hirota
et al. (2022a) or semantic segmentation Lee et al. (2021).

In this work, we investigate to what extent the unwanted bias in a V&L
model is caused by the pretraining data. To answer this question, we focus
on one important aspect of bias encoded in V&L models, namely bias am-
plification. Bias amplification occurs when a model exacerbates unwanted
biases from the training data and, unlike other forms of bias, it is not solely
attributed to the data, yet it can vary greatly during training Hall et al.
(2022).

We explore bias amplification in two encoder-only V&L models:
LXMERT Tan and Bansal (2019) and ALBEF Li et al. (2021a), and the
encoder-decoder model BLIP Li et al. (2022). Specifically, we quantitatively
and qualitatively analyse the relationship between the bias encoded in
pretrained models, and after fine-tuning on downstream tasks including
visual question answering, visual reasoning and image–text retrieval.

While bias can be studied with respect to any protected attribute, the
majority of NLP research has focused on (binary) gender Sun et al. (2019);
Stanczak and Augenstein (2021); Shrestha and Das (2022). We also use gen-
der bias as our case study but different to previous work, we advocate for the
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Pretraining Stage Fine-Tuning Stage

Extrinsic Bias

Intrinsic Bias Task Performance

Fairness

MD

MD

GENDER-NEUTRAL
PRETRAINING

21

N

Figure 5.1: A V&L model pretrained on data D (MD) is further pretrained
on gender-neutral multimodal data DN , resulting in a gender neutral V&L
model (MN

D). Both models can then be used in a two-phase analysis: 1)
bias amplification is measured on the intrinsic bias of pretrained models, and
2) bias amplification, task performance and fairness are evaluated on the
extrinsic performance of fine-tuned models.

inclusion of gender-neutral terms Dev et al. (2021) and consider three gender
categories based on visual appearance: male, female and gender-neutral (e.g.,
person). The use of both visual and grammatical gender information across
V&L tasks is needed for identifying the target of, for example, a question.
But the demographics of the subject should not solely influence the outcome
of the model. Otherwise, the model may reinforce harmful stereotypes re-
sulting in negative consequences for certain group identities van Miltenburg
(2016).

Motivated by this argument, we investigate the effect of shifting the pro-
jection of gender-marking to a gender-neutral space by continued pretraining
on gender-neutral multimodal data–a form of domain adaptation Gururan-
gan et al. (2020)–and how it reflects on task performance after fine-tuning.
Figure 5.1 depicts an overview of our full workflow.

Contributions We examine whether bias amplification measured on pre-
trained V&L models (intrinsic bias) relates to bias amplification measured on
downstream tasks (extrinsic bias). We show that a biased pretrained model
might not translate into biased performance on a downstream task to a sim-
ilar degree. Likewise, we measure model fairness through group disparity
and show that it is not unequivocally related to bias in a model. Further-
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more, we empirically present a simple, viable approach to promote fairness in
V&L models: performing an extra epoch of pretraining on unbiased (gender-
neutral) data reduces fine-tuning variance and group disparity on VQAv2
and retrieval tasks on the majority of models studied, without significantly
compromising task performance.

We make our code publicly available to ensure reproducibility and foster
future research.1

5.2 Related Work
Bias in language In general, bias can be defined as “undue prejudice”
Crawford (2017). Studies targeting language models Kurita et al. (2019);
Zhao et al. (2019) have shown that biases encoded in pretrained models (in-
trinsic bias) can be transferred to downstream applications (extrinsic bias),
but the relationship between these biases is unclear.2 There are several stud-
ies Goldfarb-Tarrant et al. (2021); Delobelle et al. (2021); Kaneko et al.
(2022); Cao et al. (2022); Orgad et al. (2022), showing that intrinsic bias in
language models does not consistently correlate with bias measured extrinsi-
cally on a downstream task or, similarly, with empirical fairness Shen et al.
(2022); Cabello et al. (2023b). Contrarily, Jin et al. (2021b) observed that
the effects of intrinsic bias mitigation are indeed transferable in fine-tuning
language models. To the best of our knowledge, we are the first to investigate
if the same holds for V&L models.

Bias in vision & language Prior research observed the presence of gen-
der disparities in visual datasets like COCO Bhargava and Forsyth (2019);
Zhao et al. (2021); Tang et al. (2021) and Flickr30k van Miltenburg (2016).
Recent studies also revealed the presence of unwanted correlations in V&L
models. Prejudicial biases found in V&L models are not only attributed to
one domain, i.e., vision or language, but they are compound Wang et al.
(2019), and this should be studied together. Srinivasan and Bisk (2021);

1github.com/coastalcph/gender-neutral-vl
2As first suggested by Goldfarb-Tarrant et al. (2021), we can broadly categorize bias

into intrinsic and extrinsic. Therefore, intrinsic metrics are applied directly to word
representations and relate bias to the geometry of the embedding space, whereas extrinsic
metrics evaluate bias in downstream tasks.

86

http://github.com/coastalcph/gender-neutral-vl


Chapter 5 | Evaluating Bias and Fairness in Gender-Neutral Pretrained
Vision-and-Language Models

Hirota et al. (2022a) and Zhou et al. (2022) show that different model archi-
tectures exhibit gender biases, often preferring to reinforce a stereotype over
faithfully describing the visual scene. Bianchi et al. (2023) show the pres-
ence of stereotypes in image generation models and discuss the challenges
of the compounding nature of language–vision biases. Another line of work
addresses visual contextual bias Choi et al. (2012); Zhu et al. (2018); Singh
et al. (2020) and study a common failure of recognition models: an object
fails to be recognized without its co-occurring context. So far, little work
has investigated bias amplification in pretrained V&L models. Our study is
among the first to cast some light on the gender bias encoded in pretrained
V&L models and evaluate how it translates to downstream performance.

Gender-neutral language Zhao et al. (2019) examine the effect of learn-
ing gender-neutral embeddings during training of static word embeddings
like GloVe Pennington et al. (2014). Sun et al. (2021) and Vanmassenhove
et al. (2021) present rule-based and neural rewriting approaches to gener-
ate gender-neutral alternatives in English texts. Brandl et al. (2022) find
that upstream perplexity substantially increases and downstream task per-
formance severely drops for some tasks when gender-neutral language is used
in English, Danish and Swedish. Amend et al. (2021) show that the substitu-
tion of gendered for gender-neutral terms on image captioning models poses
a viable approach for reducing gender bias. In our work, we go one step
beyond and investigate the effect of continued pretraining V&L models on
in-domain data where gendered terms have been replaced by their gender-
neutral counterparts (e.g., sister → sibling).

5.3 Problem Formulation
We characterize the gender bias encoded in V&L models in a two-phase
analysis:

i) Intrinsic bias: First, we investigate the bias encoded after the V&L
pretraining phase.

ii) Extrinsic bias and task performance: Second, we fine-tune the models
on common downstream tasks to further investigate how bias affects
model performance.
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These investigations will be performed using a set of original, pretrained
models MD, and models that have been further pretrained on gender-neutral
data MN

D in order to mitigate any biases learned during pretraining (§5.4.4).
We hypothesize that this bias mitigation technique will decrease both intrin-
sic and extrinsic biases encoded in the models.

Data Our analysis relies on data where the gender of the main actor of
the image is known. This is, to some degree, annotated in the crowdsourced
text, e.g., image captions or questions.3 Following Zhao et al. (2017a) and
Burns et al. (2018), images are labelled as ‘Male’ if the majority of its cap-
tions include a word from a set of male-related tokens (e.g., boy), and no
caption includes a word from the set of female-related tokens (e.g., girl);
and vice-versa for ‘Female’. Images are labelled as ‘Neutral’ if most of the
subjects are listed as gender-neutral (e.g., person), or if there is no majority
gender mention in the texts. Finally, images are discarded from the analy-
sis when the text mentions both male and female entities, or there are no
people mentioned. This process can be applied to both pretraining data and
downstream task data. See Appendix 5.8.1 for the complete word list.

5.4 Measuring Bias in V&L Models

5.4.1 Intrinsic Bias
When we measure the intrinsic bias of a model, we are interested in whether
there are systematic differences in how phrases referring to demographic
groups are encoded Beukeboom (2014). We can measure the intrinsic bias
using the model’s language modelling task, where the tokens related to gram-
matical gender are masked.4

Let MD be a V&L model pretrained on corpora D. The masked words
related to grammatical gender are categorised on N = 3 disjoint demographic

3Zhao et al. (2021) annotated samples from the COCO dataset Lin et al. (2014) with
the perceived attributes (gender and skin-tone) of the people in the images. However, their
gender labels agree on 66.3% of the images compared to caption-derived annotations. To
be consistent across all datasets used in our project, we will not use their human-collected
annotations for analysing gender bias on COCO.

4We define gender correlations as our case study of representational bias, but note that
our methodology can be extended to analyse bias with regard to any protected attribute(s).
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groups A = {Male,Female,Neutral} based on reported visual appearance in
the image. The gender associated with an image is considered as the ground
truth (see previous section for more details). Let gi for i ∈ [1, N ] be the
categorical random variable corresponding to the presence of the group i. We
investigate the gender–context distribution: the co-occurrence between
attributes Ai = {a1, . . . , a|Ai|}, e.g., gender terms, for a demographic group
gi, and contextual words T = {t1, . . . , tT}, e.g., objects that appear in a
given text. This results in a co-occurrence matrix Cgi

a,t that captures how
often pairs of attribute–context words occur in a defined context S, e.g., an
image caption in a corpus C. Formally, for every demographic group gi, over
the Ai attributes and T objects, and all possible contexts in corpus C

Cgi
a,t =

∑
S∈C

|Ai|∑
j=1

|T |∑
k=1

S(aj, tk) with i ∈ [1, N ], (5.1)

where S(aj, tk) = 1 if the attribute and object co-occur, zero otherwise.
Based on Cgi

a,t, standard statistical metrics like precision, recall and F1 can
be computed. In addition, we will quantify the bias amplification in a given
model MD to better understand the degree of bias exacerbated by the model.
We use the metric presented by Wang and Russakovsky (2021), which is
described in more detail in the next section.

5.4.2 Bias Amplification
We use the BiasAmp metric introduced by Wang and Russakovsky (2021),
as it accounts for varying base rates of group membership and naturally de-
couples the direction of bias amplification: While BiasAmpT→A measures
the bias amplification due to the task influencing the protected attribute
prediction,5 BiasAmpA→T measures the bias amplification due to the pro-
tected attribute influencing the task prediction. We give a concise treatise of
BiasAmpA→T here, and refer to Wang and Russakovsky (2021) for further
details.

In our setup, the set of attributes a ∈ A is given by A = {Male,Female,
Neutral}, and the set of tasks (or objects) t ∈ T are the most frequent nouns

5We do not consider gender prediction as a task per se, as gender –or any other sensitive
attribute– prediction entangles a complex categorization and a moral debate Keyes (2018);
Larson (2017). Instead, we use a MLM task as proxy and ask the model to predict the
subject of a sentence given its context.
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co-occurring with gendered terms in the training sets (see Appendix 5.8.1
for details). Denote by P (Tt = 1) the probability that an example in the
dataset belongs to class t. And, similarly, P (T̂t = 1) the probability that
an example in the dataset is labelled as class t by the model. Wang and
Russakovsky (2021) introduce two terms to disambiguate the direction of
bias amplification. The first term, ∆at, quantifies the difference between the
bias in the training data and the bias in model predictions.

The second term, yat, identifies the direction of correlation of Aa with Tt;
that is, yat alters the sign of the ∆at to correct for the fact that the bias can
have two directions. Thereby,

BiasAmpA→T =
1

|A||T |
∑
a∈A
t∈T

yat∆at − (1− yat)∆at (5.2)

BiasAmpA→T will be positive if the model predictions amplify the preva-
lence of a class label t ∈ T between groups a ∈ A in the dataset. For instance,
bias is amplified if Aa = Male images are more likely to appear in the
presence of a Tt = skateboard in the model predictions, compared to the
prior distribution from the dataset. In contrast, a negative value indicates
that model predictions diminish the bias present in the dataset. A value of
0 implies that the model does not amplify the bias present in the dataset.
Note that this does not imply that the model predictions are unbiased.

5.4.3 Extrinsic Bias & Fairness
The second phase of our analysis measures extrinsic bias amplification: down-
stream performance and fairness (group disparity). A given model is fine-
tuned on downstream tasks that require different reasoning skills based on
the image context. We evaluate model performance with respect to the three
demographic groups defined in A and compare results in search of the more
equitable system.

5.4.4 Gender-neutral Domain Adaptation
Motivated by the fact that models are known to acquire unwanted biases
during pretraining Hall et al. (2022), we also investigate what happens if a
model MD is further pretrained for one additional epoch on gender-neutral
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data, with the goal of creating a more gender-neutral modelMN
D . We hypoth-

esize that this may be sufficient to reduce the biases encoded in the original
model. Given a dataset D, a new dataset DN is created by substituting
gender-related tokens in the text for gender-neutral tokens. The substitution
is based on a hand-crafted lexicon,6 e.g., woman or man may be substituted
to person.7 The new model MN

D is used for both the intrinsic and extrinsic
bias evaluations.

5.5 Experimental setup

5.5.1 Models
We take the LXMERT architecture Tan and Bansal (2019) as a popular
representative of V&L models, and build our controlled analysis on VOLTA
Bugliarello et al. (2021). VOLTA is an implementation framework that pro-
vides a fair setup for comparing V&L models pretrained under the same
conditions, which enables us to compare the influence of diverse training
data on representational bias. In this case, LXMERT180K refers to the orig-
inal checkpoint and LXMERT3M to the model trained on CC3M Bugliarello
et al. (2021). We also study ALBEF in two sizes and BLIP. Table 5.1 lists
the models included in our analysis.

5.5.2 Gender-neutral Data
As a natural extension to study representational gender bias, we want to
evaluate to what extent gender-neutral data helps to mitigate gender bias.
Amend et al. (2021) showed that gender-neutral training might be a viable
approach for reducing gender bias in image captioning models. We study its
effect in more generic pretrained V&L models.

The gender-neutral pretraining data is the result of substituting terms
with grammatical gender for gender-neutral equivalents, e.g., “A woman
walking her dog” translates into “A person walking their dog.” To this end,

6See Appendix 5.8.1
7Note that when the pretraining data D is composed of multiple corpora, we argue

that domain adaptation to a non-biased space should be performed only on clean data,
and, therefore, |DN | ≤ |D|.
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Model (MD) Gender-neutral model (MN
D)

LXMERT180K LXMERTN
180K

LXMERT3M LXMERTN
3M

ALBEF4M ALBEFN-COCO
4M , ALBEFN-CC3M

4M
ALBEF14M ALBEFN-COCO

14M , ALBEFN-CC3M
14M

BLIP129M BLIPN
129M

Table 5.1: Summary of the models. The subscript in the model name indi-
cates the number of images in the pretraining set. All gender-neutral mod-
els are pretrained with in-domain data (LXMERTN

180K and BLIPN
129M on

COCO; LXMERTN
3M on CC3M). For models with more than one gender-

neutral version, the superscript indicates the dataset used for gender-neutral
pretraining.

we create a list of gender entities8 by merging previous hand-curated lexicons
used in a similar context to ours, provided by Antoniak and Mimno (2021).9

Starting from a pretrained checkpoint, we perform an extra epoch of
pretraining. The training is done based on a linear function that increases the
probability for a model to learn from gender-neutral captions. The starting
rate is p=0.15 and, as the training progresses, the probability of getting a
gender-neutral caption increases to p=1.0 at the last step. Note that as the
probability of getting a gender-neutral caption increases, the learning rate
decreases. This methodology supports our intuition that starting with a
gender-neutral corpus would be too drastic for the model to adapt to, and
instead cause catastrophic forgetting.

Finally, we continue pretraining the original model checkpoints for an
extra epoch without the gender-neutral alternative (i.e., p=0.0). The eval-
uation on this new checkpoint will help us to draw conclusions on longer
training, as well as ensure the correct implementation of our setup.

8See Appendix 5.8.1 for the complete list.
9We deliberately omit tokens like ‘actor’ from the list if the female (or male) equivalent

is not always used (people do not always use the word ‘actress’ when referring to a female
character). We also discard ‘male’ and ‘female’ as we suspect that they are more often
used on non-human entities.
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5.5.3 Evaluation Tasks
For evaluation of downstream tasks, we report task performance and analyse
group disparities. Bias amplification is reported on the validation splits.

MLM We follow standard practice for assessing gender bias in V&L models
Zhao et al. (2017a); Burns et al. (2018); Wang et al. (2019); Tang et al.
(2021); Srinivasan and Bisk (2021); Agarwal et al. (2021); Cho et al. (2022)
and expose representational bias in a masked language modelling (MLM)
task. The words masked are gendered terms given by the same lexicon used
in §5.5.2. Personal pronouns (if any) are also masked to avoid leaking gender
information into the model representation. For example, “A woman walking
her dog” would be masked as “A [MASK] walking [MASK] dog”. The image
associated with each sentence is also input to the model, in a setup that
reflects the pretraining conditions.

We investigate the intrinsic bias of the models as detailed in §5.3, i.e.,
we look at the co-occurrence of context words (e.g., car, ball) with particular
word choices from the model (e.g., gender words like woman, child). Previous
work Sedoc and Ungar (2019); Antoniak and Mimno (2021); Delobelle et al.
(2021) showcases how the measure of bias can be heavily influenced by the
choice of target seed words. To avoid misleading results from low frequency
words, we define the set of target words to be the 100 most frequent common
nouns that co-occur with the gender entities in the corresponding training
data. Table 5.2 provides a summary of gender distribution.

To evaluate intrinsic bias, we do not look at the exact word prediction
but instead consider two options to annotate the gender of the predicted
word. First, we can extract and sum the probabilities of all male, female
and gender-neutral tokens within our set to select the most probable gender
entity. However, given that the distributions of tokens follows Zipf’s Law,
the probability mass computed for each gender group is nearly equal, yield-
ing inconclusive results. Therefore, we use the gender category of the most
probable token. Then, the bias present in model predictions is measured
with the statistical and bias amplification metrics presented in §5.4.2.

Visual Question Answering VQA Antol et al. (2015) requires the model
to predict an answer given an image and a question. LXMERT formulates
VQA as a multi-answer classification task, and ALBEF and BLIP treat it
as a language generation task. We evaluate models on the VQAv2 Goyal
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COCO CC3M VQAv2 GQA NLVR2 F30K

Image Image Question Question Sentence Image

Male 725 901 20000 8265 91 345
Female 363 945 9498 4860 99 207
Neutral 1187 1095 18549 4442 377 336

Total 2275 2941 48047 17567 567 889

Table 5.2: Gender distribution across validation splits in each dataset. Note
that for COCO, this refers to the minival split in Tan and Bansal (2019).
COCO and F30K have five captions per image. Gender was inferred from
image captions for COCO, CC3M and F30K. Gender was inferred from ques-
tions in VQAv2, GQA and from the sentence given in NLVR2.

et al. (2017) and GQA datasets Hudson and Manning (2019), and report
performance as VQA-Score and accuracy, respectively.

Bias amplification is measured on the subset of question–answer pairs
targeting people. Gender is inferred from the question, considering all the
gender entities presented in Appendix 5.8.1. We filter any answer category
whose answer does not occur with gender entities at least 50 times in the
training set. Finally, numerical and yes/no question-answer pairs are also
removed leaving a total of 165 answer categories in VQAv2 and 214 in GQA.

Natural Language for Visual Reasoning NLVR2 Suhr et al. (2019)
requires the model to predict whether a text describes a pair of images.
The notion of bias amplification considered in this project would require us
to manually annotate the gender from all the images to be able to extract
gender-context patterns from the training data. For this reason, we only
evaluate the group disparity in NLVR2 through differences in performance,
reported as accuracy.

Image–Text Retrieval This retrieval task contains two subtasks: text-to-
image retrieval (IR), where we query the model with a caption to retrieve an
image, and image-to-text retrieval (TR), where we use an image to retrieve
a suitable caption. We report Recall@1 on the Flickr30K Plummer et al.
(2015) benchmark. Bias amplification is measured on the subset of data
targeting people. In IR, we query the model with captions that include a
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word from the set of male-related or female-related tokens and compare to
the gender annotated in the image retrieved. In TR, we query the model with
images annotated as ‘Male’ or ‘Female’ and compare to the gendered terms
in the caption retrieved. Captions with gender-neutral terms are treated as
a separate case to assess how often the models retrieve images from each
group, yet the image retrieved could be potentially valid for any gender case.
In both subtasks, we consider that the model does not amplify gender bias
when the image or caption retrieved has a gender-neutral subject.

5.6 Results

5.6.1 Intrinsic Bias
We evaluate intrinsic bias in encoder-only models. Considering that bias
varies as a function of the bias in a dataset, amongst other variables Hall
et al. (2022), we define our experiments with LXMERT variants as our control
setup: the same model architecture is trained with the same hyperparameters
on disjoint corpora yielding two versions of the model, LXMERT180K and
LXMERT3M.

Gender-neutral pretraining mitigates gendered outputs Fig-
ure 5.2 shows results for LXMERT180K models; complete results are in
Appendix 5.8.3. A model is penalised when it predicts a token from the
opposite gender, but we consider a gender-neutral term as a valid output.10

The models pretrained with gender-neutral data, have near perfect F1
performance as they learnt to predict gender-neutral tokens when their stan-
dard counterparts, LXMERT180K and LXMERT3M, had low confidence
on the most probable token.11 We presume these are images where the
visual appearance of the main subject is unclear. Interestingly, the trade-off
between precision and recall has opposite directions for Female and Male
groups vs Neutral in LXMERT180K and LXMERT3M: the models tend to

10Predicting a gender-neutral term shows that the model understands the depicted visual
concept at the generic level.

11The models do not forget to predict gender-related tokens. LXMERTN
180K predicts

∼37% of the time a word from the set of neutral-related tokens (compared to ∼20% in
LXMERT180K).
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Figure 5.2: Statistical analysis of gender bias in MLM with gendered terms
masked. Predicting a token from the gender-neutral set is always considered
correct (Precision=1). Models report higher recall scores for Male (M) and
Female (F) groups, showcasing the completeness of positive predictions; it is
the opposite for Neutral (N) tokens.

output female- and male- tokens more often than neutral-related, even when
the subject in the image was annotated as gender neutral (low recall).

Pretrained models reflect training data biases Table 5.3 shows the
aggregated bias amplification measured in encoder-only model variants. Our
bias mitigation strategy has the same consistent behaviour across LXMERT
models and evaluation data (COCO or CC3M): models tend to reflect the
same degree of bias present in the data (BiasAmpT→A closer to zero).
ALBEFN-COCO

14M and ALBEFN-CC3M
14M models benefit from pretraining on

gender-neutral data differently, as both decrease the overall bias amplifica-
tion. Wang and Russakovsky (2021) caution against solely reporting the
aggregated bias amplification value, as it could obscure attribute-task pairs
that exhibit strong bias amplification. We report it here as a relative metric
to compare the overall amplified bias between the models, and should not
be considered in its own. See Appendix 5.8.3 for results broken down by
gender.

We also investigated the equivalent to LXMERTN
3M, but pretrained on

gender-neutral data for a reduced number of steps to match those in
LXMERTN

180K. We verified that more pretraining steps on gender-neutral
data equates to a reduced bias amplification in absolute terms.
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LXMERT180K LXMERTN
180K LXMERT3M LXMERTN

3M ALBEF14M ALBEFN-COCO
14M ALBEFN-CC3M

14M

COCO -.0359 -.0008 -.0617 -.0014 -.0742 -.0517 -.0792
CC3M -.0346 -.0062 -.0007 -.0002 -.0182 -.0367 -.0570

Table 5.3: BiasAmpT→A averaged over attributes (gender entities) and tasks
(top-100 nouns) for LXMERT and ALBEF14M models. Light and dark back-
grounds indicate bias amplification measured in-domain and out-of-domain
data respectively. Negative values indicate an overall decrease of the bias in
model’s predictions.

5.6.2 Extrinsic Bias & Fairness
Trade-offs in task performance Downstream performance on the test
sets is shown in Table 5.4. LXMERT180K may require more pretraining
steps to converge, as we verify that the performance improvement observed
in LXMERTN

180K is mainly due to the extra pretraining steps regardless of
gender-neutral data. Our strategy for mitigating gender bias on pretrained
models generally leads to lower task performance on NLVR2 and image re-
trieval, revealing a trade-off between bias mitigation and task performance.
The same trade-off has been observed in language models He et al. (2022);
Chen et al. (2023b). However, gender-neutral models report similar or even
superior performance on question answering and text retrieval tasks com-
pared to their original versions.

Gender-neutral models consistently reduce group disparity Group
performance is depicted in Figure 5.3 for a subset of models and tasks. Ta-
ble 5.7 in Appendix 5.8.4 shows the complete results. We observe that group
disparity is consistently reduced on VQAv2 and retrieval tasks. An excep-
tion are LXMERT models, which show a minor, undesirable increase in group
disparity on VQAv2, GQA and text retrieval tasks. For instance, in question-
answering tasks with LXMERT, we observe a reduction in the min-max gap
of 4.5 (LXMERTN

180K) points in VQAv2, while the min-max gap increase
in GQA is only of 0.4 points. Note that Tan and Bansal (2019) pretrained
LXMERT180K on GQA train and validation data, which results in a very
high performance (∼85.0 for all groups) on the GQA validation set. We spec-
ulate that the gains in performance equality across groups could be due to a
shift of the final word representations to a more equidistant vector space be-
tween gendered terms and their context. That is, the conditional probability
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VQAv2 GQA NLVR2 F30K

test-dev test-dev test-P test IR test TR

LXMERT180K 70.3 59.4 74.5 53.0 61.1
LXMERTN

180K 71.6 59.3 74.5 53.9 66.2

LXMERT3M 67.2 55.4 71.5 54.4 59.5
LXMERTN

3M 68.1 56.0 70.0 50.2 57.4

ALBEF4M 72.9 56.6 79.3 82.6 93.3
ALBEFN-COCO

4M 72.9 56.3 77.1 82.5 94.0
ALBEFN-CC3M

4M 72.9 56.6 78.4 82.4 94.2

ALBEF14M 74.4 58.4 82.4 85.9 95.1
ALBEFN-COCO

14M 74.1 57.3 52.312 85.5 95.4
ALBEFN-CC3M

14M 74.1 58.1 81.0 85.1 95.2

BLIP129M 75.3 58.1 79.7 87.5 96.7
BLIPN

129M 75.2 58.3 79.3 86.9 96.2

Table 5.4: Test results for a model MD and its gender-neutral version MN
D .

We report VQA-accuracy in VQAv2, accuracy in GQA and NLVR2, and
Recall@1 in F30K. Results for original models computed by us.

distribution of a gendered term given its context is smoother across different
demographic groups. We leave exploration of this for future work. In recent
work, Feng et al. (2023) continued pretraining language models on partisan
corpora and observed that these models do acquire (political) bias from said
corpora. In our case, the continued pretraining could make the MN

D models
more robust regarding gendered terms.

Gender-neutral training reduces fine-tuning variance Dodge et al.
(2020) and Bugliarello et al. (2021) analysed the impact of random seeds
in fine-tuning. We do this analysis on our control setup and observe that
gender-neutral variants of LXMERT consistently report lower variance in
performance on all tasks, except for NLVR2. We, however, observe a strong
variance in the fine-tuning process for NLVR2 due to the random weight
initialisation of the classification layer. See Appendix 5.8.5 for specific results
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Figure 5.3: Validation-set results of selected models (◦: LXMERT180K,
ALBEF14M and BLIP129M) and their gender-neutral version (�:
LXMERTN

180K, ALBEFN-COCO
14M and BLIPN

129M, ♦: ALBEFN-CC3M
14M ). We

report VQA-accuracy in VQAv2, accuracy in GQA, and Recall@1 in F30K
by gender group: male (M), female (F), and neutral (N).

across 6 runs.

Intrinsic & extrinsic bias are independent We estimate bias ampli-
fication in VQA tasks by evaluating the fluctuations in models’ predictions
when they differ from the correct answer. Otherwise, the models are said
to not amplify the bias from the data. We find that all model variants –
MD and MN

D – reduce the gender bias across tasks. However, contrary to
what we observed in pretrained models (Table 5.3), there is no evidence that
the gender-neutral pretraining influenced positively (nor negatively) the ex-
trinsic bias of the models: it depends on the model, downstream task and
gender group (see Appendix 5.8.5 for results on BiasAmpA→T fine-tuning
variance). Figure 5.4 displays BiasAmpA→T broken-down by gender cate-
gory measured on GQA for a subset of models. Whereas the degree of bias
amplification is fairly consistent between a modelMD andMN

D in VQAv2 (see
Appendix 5.8.4), there is higher variance in GQA: ALBEFN-COCO

14M reduces
the bias amplification compared to ALBEF14M, but we observe the opposite
effect on BLIPN-COCO.

In retrieval tasks, we look into models’ behavior when querying them with
neutral instances. Regardless of the degree of intrinsic bias in the model,
models exhibit the same trend: in IR, all models mostly retrieve images

12This result is inexplicably low, despite fifteen attempts at fine-tuning with different
random seeds. We saw similar instabilities when fine-tuning the released LXMERT models,
but we found seeds that gave above-chance accuracy.
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Figure 5.4: Bias amplification measured on question-answering (GQA) bro-
ken down by gender group. MN are gender-neutral pretrained on COCO.

labeled as ‘Neutral’, but twice as much ‘Male’ images as ‘Female’. We find
similar results for TR, i.e., query images whose main actor is defined as
Neutral, but, in this scenario, only half of the captions retrieved relate to
people. See Appendix 5.8.4 for detailed results.

5.7 Conclusion
This paper presented a comprehensive analysis of gender bias amplification
and fairness of encoder-only and encoder-decoder V&L models. The intrinsic
bias analysis shows consistent results – in terms of bias mitigation – in models
trained on gender-neutral data, even if these models reflect biases present in
data instead of diminishing them (as we observed with LXMERT). In line
with previous findings in language models Goldfarb-Tarrant et al. (2021);
Kaneko et al. (2022); Orgad et al. (2022), intrinsic bias in V&L models does
not necessarily transfer to extrinsic bias on downstream tasks. Similarly, we
find that the bias in a model and its empirical fairness –group disparity on
task performance– are in fact independent matters, which is in line with the
NLP literature Shen et al. (2022); Cabello et al. (2023b). Intrinsic bias can
potentially reinforce harmful biases, but these may not impact the treatment
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of groups (or individuals) on downstream tasks. We believe that bias and
fairness should always be carefully evaluated as separate matters. One of they
key findings of our work is that the extra pretraining steps on gender-neutral
data are beneficial to reduce the group disparity in every model architecture
tested on VQAv2, and in the majority of models for both retrieval tasks.
Crucially, there is no penalty to pay for this fair outcome: the overall task
performance of gender-neutral models is similar or better than their original
versions.

Limitations
The framework to characterize gender bias in V&L presented in this study
is general and extensible to analyse other forms of bias in multimodal mod-
els. We consider three base architectures to settle on the implementation.
However, our work would benefit from analyzing a wider range of models.
Studying the effects of gender-neutral pretraining on V&L models with a
frozen language model, such as ClipCap (Mokady et al., 2021) and BLIP-
2 (Li et al., 2023), is left as future work.

Due to computational limitations, we restricted most of our analysis to
single runs. We perform a first analysis across multiple random seeds for
LXMERT models in Appendix 5.8.5. There, we notice that gender-neutral
models seem to have lower variance after fine-tuning. Yet, the cross-seed per-
formance of a given model can fluctuate considerably for some tasks (e.g.,
NLVR2), corroborating previous findings from Bugliarello et al. (2021). Like-
wise, bias amplification, along with other fairness metrics like group disparity,
often fluctuates across runs. We report bias amplification variance in fine-
tuning of LXMERT models, but the absence of confidence intervals for all
models and tasks –due to the same reason stated above– should be consid-
ered. We hope to motivate future work to address this issue.

Moreover, despite the existence of multilingual multimodal datasets (El-
liott et al., 2016; Liu et al., 2021; Bugliarello et al., 2022, inter-alia), our
experimental setup is limited to English datasets and models. Studies of
(gender) bias using only English data are not complete and might yield inac-
curate conclusions, albeit overcoming the structural pervasiveness of gender
specifications in grammatical gender languages such us German or Spanish
is not trivial Gabriel et al. (2018). Likewise, our work considers a single di-
mension of social bias (gender). Further research on analyzing social biases
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on V&L models should account for intersectionality: how different social di-
mensions, e.g., gender and race, can intersect and compound in ways that
can potentially impact model performance on most disfavoured groups, e.g.,
Black Women as discussed in Crenshaw (1989).

Ethics Statement
The models and datasets used in this study are publicly available, and we
strictly follow the ethical implications of previous research related to the
data sources. Our work is based on sensitive information such as gender,
based on reported visual appearance in the image captions. We would like
to emphasize that we are not categorizing biological sex or gender identity,
but rather using the given image captions as proxies to the outward gender
appearance.
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5.8 Appendix

5.8.1 Seed words
Gender terms

• Female: aunt, bride, businesswoman, daughter, daughters, fiancee,
fiancée, gal, gals, girl, girlfriend, girls, grandmother, her, herself,
lady, landlady, mama, mom, mother, queen, she, sister, sisters,
spokeswoman, wife, woman, women, womens.

• Male: boy, boyfriend, boys, brother, brothers, businessman, dad,
dude, dudes, father, fiance, fiancé, gentleman, grandfather, groom, guy,
he, him, himself, his, husband, king, landlord, man, men, mens, papa,
son, sons, spokesman, uncle.

• Neutral: businessperson, child, childs, grandparent, kid, kids, land-
lord, monarch, newlywed, parent, partner, pbling, people, person, sib-
ling, siblings, someone, spokesperson, spouse, their, them, themself,
they.

Gender-neutral mappings Using the gender terms listed above, we gen-
erate mappings from male and female to neutral terms: see Table 5.5 for
details. These mappings are used to continue pre-training on gender-neutral
(debiased) data as explained in §5.5.2.

Objects List of top-100 most frequent nouns co-occurring with gender
terms in the training split in COCO Lin et al. (2014) and Conceptual Cap-
tions (CC3M) Sharma et al. (2018).

• COCO: tennis, group, street, baseball, table, dog, front, ball, player,
field, snow, game, beach, horse, skateboard, umbrella, water, phone,
kite, hand, top, board, ski, couple, motorcycle, food, elephant, People,
picture, pizza, surfboard, room, shirt, bench, wave, frisbee, court, park,
air, cake, bed, laptop, train, cell, racket, bat, bus, kitchen, plate, glass,
ocean, side, grass, giraffe, building, city, skier, road, car, suit, trick,
cat, tie, tree, bike, photo, boat, hat, slope, baby, area, sign, chair,
sidewalk, computer, hill, head, surfer, mountain, video, skateboarder,
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soccer, truck, banana, couch, camera, skate, crowd, lot, snowboard,
background, wine, bear, day, back, luggage, cow, living, fence, ramp.

• CC3M: player, team, actor, football, game, artist, hand, day, match,
background, dress, beach, car, photo, dog, event, street, home, ball,
wedding, family, city, film, time, tree, award, goal, hair, front, night,
water, baby, business, illustration, politician, sport, show, way, por-
trait, face, book, premiere, fan, room, head, friend, year, athlete,
park, house, fashion, soccer, character, flower, country, style, field,
side, party, festival, picture, stage, rock, eye, couple, world, shirt, vec-
tor, camera, pop, tv, ceremony, hat, glass, snow, horse, school, road,
phone, arm, art, window, crowd, sea, table, part, boat, suit, basketball,
model, top, birthday, star, student, view, tennis, smile, wall, celebrity,
baseball.

5.8.2 Models
In this section, we provide an overview on the models we use in our evaluation.
We refer to their original work for more details.

LXMERT Tan and Bansal (2019) is a cross-modal architecture pre-
trained to learn vision-and-language representations. It consists of three
Transformer Vaswani et al. (2017a) encoders, where visual and language in-
puts are encoded separately in two independent stacks of Transformer layers
before feeding them into the cross-modality encoder. The cross-modality en-
coder uses bi-directional cross attention to exchange information and align
the entities across the two modalities. LXMERT is trained with four objec-
tives: masked language modelling (MLM), masked object prediction, image–
text matching (ITM) and image question answering.

Similar to LXMERT, ALBEF Li et al. (2021a) is a dual-stream encoder
Bugliarello et al. (2021) that first learns separate visual and textual embed-
dings using Transformer-based image and text encoders; and then fuses them
in a cross-modal Transformer using image–text contrastive loss (ITC), which
enables a more grounded vision and language representation learning. The
model is pretrained with two other objectives: masked language modelling
(MLM) and image–text matching (ITM) on the multimodal encoder. Un-
like LXMERT, ALBEF does not rely on image features extracted from an
off-the-shelf object detector, but directly feeds the raw image into a Vision
Transformer (Dosovitskiy et al., 2021)
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Male Female Neutral
boy girl child
boyfriend girlfriend partner
boys girls kids
brother sister sibling
brothers sisters siblings
businessman businesswoman businessperson
dad mom parent
dude gal person
dudes gals people
father mother parent
fiance fiancee partner
fiancé fiancée partner
gentleman lady person
grandfather grandmother grandparent
groom bride newlywed
guy gal person
he she they
him her them
himself herself themself
his her their
husband wife spouse
king queen monarch
landlord landlady landlord
man woman person
men women someone
mens womens people
papa mama parent
son daughter kid
sons daughters childs
spokesman spokeswoman spokesperson
uncle aunt pbling

Table 5.5: Gender-neutral mappings used for continual pre-training in
gender-neutral data as described in §5.5.2.
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BLIP Li et al. (2022) is a versatile model based on a multimodal mix-
ture of encoder–decoder network, that can be applied to a wide range of
downstream tasks. The authors introduce a novel boostrapping method to
generate synthetic captions and remove noisy pairs from large-scale web data.
Unlike LXMERT and ALBEF, BLIP is trained with an autoregressive lan-
guage modelling objective that allows the generation of coherent captions
given an image. The model is also pretrained using the unimodal image–text
contrastive loss (ITC) and the cross-modal image–text matching (ITM) loss
used by ALBEF.

5.8.3 Bias in Pretrained Models
Intrinsic bias Figure 5.5 complements Figure 5.2 from the main paper
showing statistical results measured on the intrinsic bias analysis in our con-
trol setup.

MLM experiment broken down by gender Table 5.6 provides a more
granular look at which gender groups are actually amplifying/decreasing the
bias in the pretrained models.
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COCO
Male Female Neutral

LXMERT180K -.0295 -.0048 -.0733
LXMERTN

180K -.0004 -.0008 -.0014
LXMERT3M -.0577 -.0230 -.1062
LXMERTN

3M -.0014 +.0001 -.0028
LXMERTN-sc

180K -.0082 -.0009 -.0109
ALBEF4M -.1006 -.0517 -.1083
ALBEFN-COCO

4M -.0748 -.1293 -.1529
ALBEFN-CC3M

4M -.0754 -.0337 -.1073
ALBEF14M -.0418 -.1146 -.0663
ALBEFN-COCO

14M -.0559 -.0169 -.0824
ALBEFN-CC3M

14M -.0556 -.0983 -.0837

CC3M
Male Female Neutral

LXMERT180K -.0281 -.0276 -.0482
LXMERTN

180K +.0008 -.0081 -.0113
LXMERT3M -.0043 -.0030 +.0055
LXMERTN

3M +.0002 +.0004 -.0011
LXMERTN-sc

180K -.0011 +.0003 -.0012
ALBEF4M -.0473 -.0569 -.0422
ALBEFN-COCO

4M -.0329 -.0514 -.0152
ALBEFN-CC3M

4M -.0295 -.0497 -.0313
ALBEF14M +.0159 -.0642 -.0062
ALBEFN-COCO

14M -.0290 -.0250 -.0561
ALBEFN-CC3M

14M -.0535 -.0641 -.0534

Table 5.6: BiasAmpT→A (BA.) per gender group, averaged over tasks (top-
100 nouns) for LXMERT and ALBEF models, evaluated on validation splits
on COCO (top) and CC3M (bottom). Light and dark backgrounds indi-
cate bias amplification measured within in-domain and out-of-domain data
respectively. A model amplifies the bias in the dataset if the value is pos-
itive. A negative value indicates an overall decrease of the bias in model’s
predictions.
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Figure 5.5: Statistical analysis of gender bias found through masked lan-
guage modelling with gendered terms masked. Prediction of a token from
the gender-neutral set is always considered correct (Precision=1). Models
report higher recall scores for Male (M) and Female (F) groups, showcas-
ing the completeness of positive predictions, whereas it is the opposite for
Neutral-related (N) tokens.

5.8.4 Bias & Fairness in Downstream Tasks
Extrinsic Bias The following graphs complement results shown in § 5.6.2
for bias amplification measured on downstream tasks: Figure 5.6 shows re-
sults on GQA; Figure 5.7 shows results on VQAv2; Figure 5.8 and Figure 5.9
show the bias revealed on image–text retrieval tasks when querying the mod-
els with a gender-neutral caption (or image), respectively.

Task performance & Fairness We present granular results on task per-
formance in validation in Table 5.7 and group disparity, defined as the min-
max difference between group performance (∆).
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Figure 5.6: Bias amplification measured on question-answering (GQA) bro-
ken down by gender group. MN are gender-neutral pretrained on CC3M.
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(a) MN are gender-neutral models pre-
trained on COCO.
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(b) MN are gender-neutral models pre-
trained on COCO.

Figure 5.7: Bias amplification measured on question-answering (VQAv2) bro-
ken down by gender group.

5.8.5 Variance in fine-tuning
Table 5.8 shows the mean and standard deviation in bias amplification when
fine-tuning LXMERT models with different random seeds. The variance
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(a) IR - MN are gender-neutral models
pretrained on COCO.
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(b) IR - MN are gender-neutral models
pretrained on CC3M.

Figure 5.8: Extrinsic bias measured on text-to-image retrieval (IR) on
Flickr30K. Bias is measured as the percentage of images retrieved from each
group when querying the models with a gender-neutral caption.
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(a) TR - MN are gender-neutral models
pretrained on COCO.

LXMERT3M ALBEF4M ALBEF14M
0

5

10

15

20

25

30

35

%

male
female
neutral
M
MN

(b) TR - MN are gender-neutral models
pretrained on CC3M.

Figure 5.9: Extrinsic bias measured on image-to-text retrieval (TR) (c)-(d)
on Flickr30K. Bias is measured as the percentage of captions retrieved from
each group when querying the models with a gender-neutral image.

is due to random initialization. In line with what we observed in §5.6.2,
there is no clear trend when comparing a model M with it’s gender-neutral
pretraining counterpart, MN

D .
Figure 5.10 shows violin plots of the distribution of results when fine-
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tuning LXMERT models with different random seeds. The variance is due
to random initialization. Gender-neutral models reveal lower standard devi-
ation across tasks. This finding reveals one of the benefits to perform extra
steps of pretraining on gender-neutral data: to reduce variance in down-
stream performance. This observation aligns with the NLP literature show-
ing that biases in a model are independent from model performance Cabello
et al. (2023b).
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Figure 5.10: Fine-tuning variance of LXMERT models across tasks. On
the left with white background, original models (MD). On the right with
darker background, models after gender-neutral pretraining (MN

D). Each
model is fine-tuned 6 times on each task. The dots represent the experimental
observations. We report average VQA-accuracy in VQAv2, accuracy in GQA
and NLVR2, and recall@1 in F30k.
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VQAv2 GQA NLVR2 F30K
Acc. ∆(↓) Acc. ∆(↓) Acc. ∆(↓) r@1 IR ∆(↓) r@1 TR ∆(↓)

LXMERT180K

M 77.5
4.8

83.8
1.1

81.9
6.9

55.8
10.1

61.6
7.5F 76.3 84.9 75.0 58.5 62.8

N 72.7 84.8 81.1 48.4 55.3

LXMERTN
180K

M 79.6
1.5

83.9
1.5

79.3
6.0

56.1
8.8

66.4
8.4F 78.1 85.4 74.2 58.1 67.6

N 79.3 85.3 80.2 49.3 59.2

LXMERT3M

M 68.4
6.0

63.7
1.9

72.3
14.8

56.0
8.2

63.0
8.7F 66.5 65.6 64.0 59.4 63.7

N 62.4 64.5 78.8 51.2 55.0

LXMERTN
3M

M 70.3
2.4

64.6
2.3

79.3
11.6

51.4
5.0

56.2
9.0F 67.9 66.8 67.7 52.3 61.4

N 70.1 64.5 78.8 47.3 52.4

ALBEF4M

M 75.1
1.4

60.0
2.5

87.9
11.1

83.1
10.1

94.5
7.0F 73.7 61.5 76.8 87.9 98.1

N 74.3 62.5 79.6 77.8 91.1

ALBEFN-COCO
4M

M 75.0
1.4

60.5
1.6

85.7
9.9

83.7
10.1

94.2
5.2F 73.6 60.7 75.8 87.2 96.6

N 74.0 62.1 79.8 77.1 91.4

ALBEFN-CC3M
4M

M 75.0
1.3

61.0
2.0

84.6
9.8

82.2
9.2

94.8
7.7F 73.7 60.7 74.8 87.1 97.6

N 74.5 62.7 79.3 77.9 89.9

ALBEF14M

M 76.0
1.0

59.7
2.8

86.8
7.0

87.5
7.3

95.9
6.0F 75.0 59.6 79.8 89.1 100.0

N 75.6 62.4 81.2 81.8 94.0

ALBEFN-COCO
14M

M 76.0
1.1

60.6
2.4

60.4
7.9

86.6
5.9

95.4
5.0F 74.9 60.3 52.5 87.8 99.0

N 75.5 62.7 57.6 81.9 94.0

ALBEFN-CC3M
14M

M 75.8
0.8

60.7
2.3

87.9
10.1

86.6
7.8

95.9
4.6F 75.0 61.9 77.8 89.8 98.1

N 75.5 63.0 81.7 82.0 93.5

BLIP129M

M 76.5
1.4

60.3
2.0

82.4
6.0

88.7
6.2

97.1
3.8F 75.1 60.3 77.8 90.6 99.0

N 75.6 62.3 83.8 84.4 95.2

BLIPN
129M

M 76.4
1.2

60.1
2.6

84.6
10.9

88.1
5.8

98.3
4.1F 75.2 59.7 73.7 89.6 99.0

N 75.8 62.3 80.9 83.8 94.9

Table 5.7: Validation results per group: male (M), female (F), and neutral
(N). We report VQA-accuracy in VQAv2, accuracy in GQA and NLVR2,
recall@1 in F30k and group disparity (∆) across tasks. Lower ∆ is better.
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VQAv2 GQA
mean± std mean ± std

LXMERT180K

male -.0311±.0057 -.0192±.0071
female -.0497±.0053 -.0477±.0088
neutral +.0020±.0030 -.0252±.0089

LXMERTN
180K

male -.0301±.0031 -.0227±.0036
female -.0538±.0034 -.0528±.0106
neutral +.0007±.0014 -.0245±.0042

LXMERT3M

male -.0169±.0054 -.0254±.0135
female -.0667±.0041 -.0935±.0110
neutral -.0157±.0056 -.0269±.0069

LXMERTN
3M

male -.0164±.0038 -.0188±.0060
female -.0634±.0046 -.0971±.0131
neutral -.0183±.0035 -.0194±.0109

Table 5.8: BiasAmpA→T fine-tuning variance of LXMERT models across
question answering tasks. Each model is fine-tuned 6 times on each task.
We report average VQA-accuracy in VQAv2 and average accuracy in GQA,
together with its standard deviation.
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Chapter 6

Cross-Cultural Transfer
Learning for Chinese Offensive
Language Detection

Abstract
Detecting offensive language is a challenging task. Generalizing across differ-
ent cultures and languages becomes even more challenging: besides lexical,
syntactic and semantic differences, pragmatic aspects such as cultural norms
and sensitivities, which are particularly relevant in this context, vary greatly.
In this paper, we target Chinese offensive language detection and aim to in-
vestigate the impact of transfer learning using offensive language detection
data from different cultural backgrounds, specifically Korean and English.
We find that culture-specific biases in what is considered offensive negatively
impact the transferability of language models (LMs) and that LMs trained
on diverse cultural data are sensitive to different features in Chinese offen-
sive language detection. In a few-shot learning scenario, however, our study
shows promising prospects for non-English offensive language detection with
limited resources. Our findings highlight the importance of cross-cultural
transfer learning in improving offensive language detection and promoting
inclusive digital spaces.
Warning: This paper contains content that may be offensive or upsetting.
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6.1 Introduction
The proliferation of offensive language and hate speech in online platforms,
especially on social media, has significantly increased in recent years Zampieri
et al. (2019, 2020); Gao et al. (2020). There is a fine line between offensive
language and hate speech as few universal definitions exist Davidson et al.
(2017). Therefore, hate speech can be classified as a subtype of offensive
language. In this paper, we do not differentiate them in detail, and instead,
refer to the task of offensive language detection (OLD).

Despite numerous breakthroughs in the development of NLP methods for
OLD Liu et al. (2022); Rusert et al. (2022), some significant obstacles remain
unsolved Vidgen et al. (2019), including the shortage of data resources for
research purposes and bias in human annotation. Since most of the available
approaches and resources for OLD are designed for English Arango Monnar
et al. (2022), the resulting trained models operate within a monocultural
background that caters to English speakers.1 However, Schmidt andWiegand
(2017) believe that OLD has strong cultural implications, unlike other NLP
tasks, because an utterance’s offensiveness can vary based on an individual’s
cultural background.

People with different backgrounds react to inputs differently and com-
municate differently, so their tolerance for the presence of offensive terms,
e.g., slur, may differ, as well as what is altogether considered offensive Jay
and Janschewitz (2008). Cultural differences have been explored in humor
perception Jiang et al. (2019), swearing reception Pavesi and Zamora (2022),
translation in semantic inconsistencies Sperber et al. (1994) and honorifics
expression Song (2015); Liu and Kobayashi (2022). Even in less obvious
cases, however, they bear meaningful significance on how to pose and solve
NLP tasks, as cultures differ with respect to style, values, common ground
and topics of interest Hershcovich et al. (2022).

Therefore, we argue that there is a need for addressing cross-cultural as-
pects in offensive language detection. Although culture is intricate and chal-
lenging to define clearly, language still remains as one of the most straight-
forward manifestation of culture. While recent work Ringel et al. (2019);

1Importantly, “culture” is multifaceted and complex. When referring to English speak-
ers, we assume that there are general unique features that characterize them, but of course
there is enormous diversity within speakers of the same language. As a first step towards
the analysis of cross-cultural OLD, we restrict ourselves to the level of language categories.
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Ranasinghe and Zampieri (2021) has demonstrated the effectiveness of cross-
lingual transfer learning in the text classification and offensive Language
(hate speech) detection, they don’t consider the impact of cultural back-
ground differences (e.g., Eastern and Western culture). In this paper, we
take a step forward in this direction and explore the influence of offensive
content from diverse cultural background on OLD, focusing on evaluation in
Chinese.

Our contributions are as follows: 1) We explore the impact of transfer
learning using offensive language data from different cultural backgrounds on
Chinese offensive language detection (§6.3). 2) We find cultural differences
in offensive language are expressed in the text topics, and that LMs are
sensitive to these differences, learning culture-specific biases that negatively
impact their transfer ability (§6.4). 3) We find that in the few-shot scenario,
even with very limited Chinese examples, the model quickly adapts to the
target culture.

6.2 Related work
Offensive language detection Although most of the research on OLD
has focused on English Fortuna and Nunes (2018), there exist datasets in
multiple languages: Chinese Deng et al. (2022), Korean Jeong et al. (2022),
Danish Sigurbergsson and Derczynski (2020), Bengali Das et al. (2022), and
Nepali Niraula et al. (2021), to name a few. However, language models
commonly rely on prior distributions from training data, that reflects a dis-
course that is temporally and culturally situated Ghosh et al. (2021). In
a comprehensive analysis of geographically-related content and its influence
on performance disparities of offensive language detection models, Lwowski
et al. (2022) find that current models do not generalize across locations. Sap
et al. (2022) call for contextualizing offensive (toxicity) labels in social vari-
ables as determining what is toxic is subjective, and annotator beliefs can be
reflected in the data collected.

Cross-lingual transfer learning Cross-lingual transfer appears as a po-
tential solution to the issue of language-specific resource scarcity Lamprinidis
et al. (2021). Nozza (2021) demonstrates the limits of cross-lingual zero-shot
transfer for hate speech detection in English, Italian and Spanish. The ben-
efits of few-shot learning is evident in works from Stappen et al. (2020) and
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Röttger et al. (2022), who confirmed the effectiveness of few-shot learning for
the task of hate speech detection in under-resourced languages. Ringel et al.
(2019) harness cross-cultural differences for English formality and sarcasm
detection based on German and Japanese, respectively. Litvak et al. (2022)
show that, in the context of OLD, knowledge transfer is not bidirectional and
efficient transfer learning holds from Arabic to Hebrew in terms of recall.

6.3 Method

6.3.1 Datasets
To explore the influence of different cultural backgrounds on Chinese OLD,
the most straightforward approach is to adopt OLD datasets whose context
and annotation process reflect diverse cultural backgrounds. We first select
COLD Deng et al. (2022), a Chinese benchmark dataset covering the topics
of racial, gender, and regional bias as our test dataset. We then select two
other datasets that will be used in different training scenarios (see § 6.3.2):
KOLD Jeong et al. (2022), a Korean dataset suited for OLD covering topics
such as race, gender, political affiliation and religion; and HatEn, the En-
glish subset of HatEval Basile et al. (2019) composed of tweets which tends
to capture a Western cultural background. Table 6.1 reports the statistics of
the three datasets and the topic distributions of COLD. Notably, the three
languages come from three different language families, making linguistic sim-
ilarities between them less likely to be a factor in effective transfer learning
between the datasets.

6.3.2 Learning settings
We explore different learning settings by utilizing intra-cultural and cross-
cultural training sets during fine-tuning. For the intra-cultural setting, we
only use COLD as the training set, which ensures cultural consistency in
the training and testing process. In the cross-cultural setting, we further set
up two ways: 1) zero-shot: only use KOLD or HatEn as the training set,
which makes the fine-tuning process of LMs come from completely different
cultural backgrounds; 2) mix-training few-shot: mix COLD with another lan-
guage (KOLD or HatEn) as the final training set, which introduces cultural
interference and makes the acquisition of the target culture more challenging.
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Dataset Language Train Dev Test

COLD Chinese 25726
(12723:13003=0.98)

6431
(3211:3220=1.00)

5323
(2107:3216=0.66)

KOLD Korean 24257
(12190:12067=1.01)

8086
(4076:4010=1.02)

8086
(4044:4022=1.01)

HatEn English 9000
(3782:5217=0.72)

1000
(427:573=0.75)

3000
(2343:657=3.57)

Region 8449 2104 2087
Gender 6579 1657 1551
Race 10698 2670 1685

Table 6.1: Datasets statistics (top) and topic distributions of COLD
(bottom). Particularly, statistics of offensive and non-offensive data and
the ratio between them are indicated in parentheses.

For convenience, we use D [X] to represent the detector with X as training
set. Since the datasets are in different languages, we apply multilingual LMs
in these experiments.

Translated data setting As an additional control experiment, to avoid
the difference from the language itself, we also translate COLD and KOLD
into English with googletrans2 and conduct experiments with English PLMs
under the same settings.

6.4 Experiments
Implementation In our experiments, we only evaluate on COLD and try
different training settings with COLD, KOLD and HatEn. In particular,
because the data volume of HatEn is relatively small, we use all of its data
as the training set. The actual training set of three datasets has offensive data
to non-offensive data ratios of 0.98, 1.01, and 1.02 (refer to Table 6.1). In the
cross-cultural zero-shot setting, we also randomly sample 13,000 examples3

from the Korean training set to ensure the consistency of the training data
2https://pypi.org/project/googletrans/
3The ratio of offensive data to non-offensive data is 0.96.
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Model Train Set Test F1 Test ACC

mBERTbase

COLD 77.90±0.25 80.86±0.26
CO+KO 78.23±0.05∗ 81.16±0.19
CO+HE 78.19±0.18∗ 81.07±0.10
KOLD 49.27±4.04∗∗ 67.85±0.70∗∗
KOLD† 50.34±3.49∗∗ 69.47±0.71∗∗
HatEn 35.96±3.95∗∗ 63.54±0.54∗∗

XLM-Rbase

COLD 78.77±0.27 81.51±0.20
CO+KO 78.90±0.10 81.78±0.15∗
CO+HE 78.96±0.15 81.66±0.18
KOLD 58.13±1.78∗∗ 72.14±0.67∗∗
KOLD† 60.86±1.44∗∗ 72.93±0.37∗∗
HatEn 29.84±2.07∗∗ 63.36±0.90∗∗

XLM-Rlarge

COLD 79.09±0.24 81.87±0.16
CO+KO 79.76±0.19∗∗ 82.45±0.19∗∗
CO+HE 79.43±0.22∗ 82.16±0.26∗∗
KOLD 63.48±1.63∗∗ 74.45±0.34∗∗
KOLD† 61.71±2.37∗∗ 74.09±0.80∗∗
HatEn 28.94±2.50∗∗ 63.76±0.40∗∗

Table 6.2: Overall results on COLD test set. † marks KOLD training set
is the same size as HatEn. CO, KO and HE are short for COLD, KOLD
and HatEn respectively. By conducting Paired Student’s t-test, ∗ = differs
significantly from intra-cultural at p < 0.05, ∗∗ = significant difference at
p < 0.01.

sizes with HatEn. For the multilingual LMs, we choose mBERTbase Devlin et al.
(2019), XLM-Rbase and XLM-Rlarge Conneau et al. (2020). In the translated
data setting, we apply the English models BERTbase Devlin et al. (2019),
RoBERTabase and RoBERTalarge Liu et al. (2019).

Our models are optimized with a learning rate of 5e − 5. We fine-tune
each model for 100 epochs using early-stopping with a patience of 5, and run
5 times with different random seeds for each setting.

Overall results The experimental results on COLD test set are shown
in Table 6.2.4 Compared to the intra-cultural setting, we find that: 1) In
the cross-cultural few-shot scenario, the performance differences between

4We only report the test set score, because only the test set of COLD is annotated
manually, and the training and dev sets are labeled semi-automatically.
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Figure 6.1: A fine-grained view of the distribution of offensive detection
results based on XLM-Rlarge. For reference, the colored part represent the
distribution of related data in COLD test set. The model learns culture-
specific biases—e.g., when training on English, it tends not to classify region-
related text as offensive.

D [COLD] and D [CO + KO], D [COLD] and D [CO + HE] are both very
small (less than one point at the maximum), which implies that with suf-
ficient knowledge of the Chinese target culture, the intervention of other
cultures does not diminish the ability to detect Chinese offensive language,
but has a slight contribution. 2) In the cross-cultural zero-shot scenario, the
detection ability of D [KOLD] and D [HatEn] get worse. In particular, the
former is slightly better than the latter. This implies that it is easier to
detect Chinese offensive language in Korean cultural background compared
to a Western cultural background.

To better understand the detection ability of Chinese offensive language
with different cultural backgrounds, we look closer at offensive detection re-
sults for the intra-cultural and cross-cultural zero-shot settings. Figure 6.1
shows the distribution of the data and the predictions from our best per-
forming model XLM-Rlarge. First, D [COLD], which is in the same cultural
background as the test set, has the best ability to detect offense. D [HatEn]
is the worst detector, with less than 50% accuracy for offensive data. Be-
cause of this, it can be highly accurate in non-offensive data. This is why
D [HatEn] gets a spurious high accuracy on the test set but a very low F1
score (Table 6.2). However, it is noteworthy that the HatEn-trained model
requires more severe language to be labeled as offensive,5 so some instances
that should be classified as offensive, may not be considered hate speech and

5This could be a reason to treat Hate Speech Detection as a separate task, contrary to
our simplified view here.
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Model Train Set Test F1 Test ACC

BERTbase

COLD 77.59±0.41 80.67±0.37
CO+KO 77.86±0.19∗ 80.90±0.20
CO+HE 77.50±0.17∗ 80.47±0.18
KOLD 61.84±1.46∗∗ 71.26±0.34∗∗
KOLD† 61.64±1.06∗∗ 71.21±0.27∗∗
HatEn 21.20±1.36∗∗ 61.53±0.21∗∗

RoBERTabase

COLD 77.89±0.46 81.01±0.40
CO+KO 78.25±0.40 81.35±0.37∗
CO+HE 78.08±0.34 81.12±0.25
KOLD 63.85±1.12∗∗ 73.60±0.43∗∗
KOLD† 63.47±0.84∗∗ 73.21±0.25∗∗
HatEn 26.09±2.82∗∗ 62.81±0.36∗∗

RoBERTalarge

COLD 78.22±0.40 81.24±0.33
CO+KO 78.74±0.21∗∗ 81.70±0.15∗∗
CO+HE 78.24±0.30∗ 81.17±0.25∗∗
KOLD 65.56±1.16∗∗ 73.70±0.49∗∗
KOLD† 64.39±1.60∗∗ 73.71±0.37∗∗
HatEn 26.69±1.38∗∗ 63.20±0.44∗∗

Table 6.3: The experimental results on the COLD test set, with all training
and testing data translated to English. † marks KOLD training set is the
same size as HatEn. By conducting Paired Student’s t-test, ∗ = differs
significantly from intra-cultural at p < 0.05, ∗∗ = significant difference at
p < 0.01.

will not be classified as such. Moreover, for specific-topic offensive language
detection, the performance of each detector is also different, with D [HatEn]
performing the worst in the regional topic.

Translated results For the experiments of the translated version of the
Chinese and Korean datasets into English. The experimental results are
shown in Table 6.3, showing similar trends to the results in Table 6.2. This
demonstrates that the results hold for cross-cultural transfer and are not
simply due to linguistic similarities.

Few-shot learning While the diverse cultural backgrounds of Korean and
English may not enable precise detection of Chinese offensive language in a
zero-shot scenario, it is not detrimental when integrated into the target cul-
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Figure 6.2: The experimental results (F1) in few-shot setting based on XLM-
Rlarge, evaluated on the COLD (Chinese) test set. Performance improves
rapidly with training examples from the target culture. Pre-training on
KOLD (Korean) provides a better starting point, while pre-training on HatEn
(English) is detrimental.

ture in a few-shot scenario. Therefore, when mixing heterogeneous cultural
background knowledge, is it necessary to provide sufficient target cultural
background knowledge? To investigate this problem, we conduct an ana-
lytical experiment under a few-shot setting by incorporating different scales
of COLD data into the training set. Figure 6.2 displays experimental re-
sults indicating that the correlation between the ability to detect offensive
language and target cultural knowledge follows a pattern similar to that of
an increasing logarithmic function. This implies that offensive language de-
tection performance improves rapidly with limited target cultural knowledge
acquisition, but gradually slows down as the amount of target knowledge
increases. Specifically, when the training focuses on COLD within the range
of 1 to 50, D [COLD] possesses limited knowledge of the training concen-
tration, and its detection capability stems primarily from the pre-training
model itself. At this stage, HatEn has a clearly negative effect, while KOLD
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Table 6.4: Cases with reversed labels through semantic vector retrieval were
listed, suggesting the existence of cultural differences across languages. Non-
offensive and offensive cases are labeled as 0 and 1.

has a positive effect. Within the range of 50 to 500, both HatEn and KOLD
have an obvious positive effect, while for COLD data scales greater than 500,
the effect is still present but less pronounced. These findings offer promising
opportunities for low-resource offensive language detection systems.

Case study. To provide an intuitive explanation of cultural differences,
we use semantic similarity retrieval Reimers and Gurevych (2019) to find the
most similar cases from KOLD to COLD with the similarity threshold set
to 0.7. As depicted in Table 6.4, sentences with similar topics and seman-
tics (e.g.racial discrimination, politics) hold different labels among languages,
suggesting the presence of cultural distinctions in offensive language detec-
tion and highlighting the significant obstacles for few-shot learning. Thus,
we emphasize the necessity of greater cultural adaptation models that can
integrate diverse cultural knowledge.

6.5 Conclusion
Our study highlights the challenges of detecting offensive language across
different cultures and languages. We show that transfer learning using data
from diverse cultural backgrounds have different negative effects on the trans-
ferability of language models due to culture-specific biases. However, our
findings also indicate promising prospects for improving offensive language
detection in promoting inclusive digital spaces, particularly in a few-shot
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learning scenario. We call for more research on cross-cultural offensive lan-
guage detection, which is important to deploy effective moderation strategies
for social media platforms, improving cross-cultural communication, and re-
ducing harmful online behavior.

Limitations
Our study explores the impact of transfer learning on offensive language de-
tection using data from different cultural backgrounds. However, treating
HatEn as representative of “Western cultural background” is too vague, as it
ignores the cultural differences between American and British cultures. More-
over, “culture” is multifaceted and complex, and there is enormous diversity
among speakers of the same language. To focus on language categories, we
limit our analysis to a first step towards cross-cultural offensive language
detection.

Ethics Statement
The datasets used in this study are publicly available, and we strictly follow
the ethical implications of previous research related to the data sources. It is
important to note that the content of these datasets does not represent our
opinions or views.
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MEG: Medical
Knowledge-Augmented Large
Language Models for Question
Answering

Abstract
Question answering is a natural language understanding task that involves
reasoning over both explicit context and unstated, relevant domain knowl-
edge. Large language models (LLMs), which underpin most contemporary
question answering systems, struggle to induce how concepts relate in spe-
cialized domains such as medicine. Existing medical LLMs are also costly
to train. In this work, we present MEG, a parameter-efficient approach for
medical knowledge-augmented LLMs. MEG uses a lightweight mapping net-
work to integrate graph embeddings into the LLM, enabling it to leverage
external knowledge in a cost-effective way. We evaluate our method on four
popular medical multiple-choice datasets and show that LLMs greatly benefit
from the factual grounding provided by knowledge graph embeddings. MEG
attains an average of +10.2% accuracy over the Mistral-Instruct baseline, and
+6.7% over specialized models like BioMistral. We also show results based
on Llama-3. Finally, we show that MEG’s performance remains robust to
the choice of graph encoder.
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7.1 Introduction
Large language models (LLMs) induce knowledge from vast text corpora.
Through self-supervised learning, these models capture deeply contextual-
ized representations of input tokens that enable them to generalize to new
tasks with remarkable performance. This, as well as their ability to write
long coherent passages, has made LLMs incredibly popular, despite their
considerable inference costs (Cheng et al., 2023) and their concerning carbon
footprint (Strubell et al., 2019). Moreover, current LLMs face significant
challenges with handling complex reasoning and ensuring trustworthiness
Liu et al. (2023); Huang et al. (2024) and factual consistency Maynez et al.
(2020); Zhou et al. (2023a); Tam et al. (2023); Hager et al. (2024), essential
to critical fields like healthcare. While LLMs are poised to revolutionize our
medical system, already performing well on medical licensing exams Jin et al.
(2021a); Pal et al. (2022); Singhal et al. (2023a); Brin et al. (2023) and other
tasks Nazario-Johnson et al. (2023); Van Veen et al. (2023); Tu et al. (2023);
Carl et al. (2024), there is still much room for improvement.

To improve reliability and reduce computational costs, researchers have
experimented with training from mixtures of corpora and knowledge bases
(Pan et al., 2023, 2024). Knowledge Graphs (KGs), such as the Unified Med-
ical Language System (UMLS) Bodenreider (2004), are structured knowledge
bases that explicitly store rich factual knowledge. KGs are good at capturing
the nuances of complex data and can provide complementary information to
LLMs, especially useful for tasks requiring structured understanding. The
potential of knowledge-augmented LLMs1 outlines an interesting research
paradigm that can alleviate current challenges of LLMs, and reduce the need
of training ever-larger models Hooker (2024). However, how to effectively
model interactions between LLMs and KGs remains an open question.

Recent efforts have focused on self-supervised methods for jointly training
graph neural networks and pretrained language models Yang et al. (2021);
Chien et al. (2022); Brannon et al. (2024). Others Yasunaga et al. (2022);
Tang et al. (2024); Plenz and Frank (2024), propose new model architectures
to leverage the two modalities, graph and text, during pretraining. These

1In this work, we define a knowledge-augmented LLM as an LLM enhanced with KG
embeddings (KGEs). KGEs are dense vector representations of graph entities Ju et al.
(2024). Therefore, we also refer to knowledge-augmented LLMs as KGE-augmented LLMs
throughout the paper.
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methods learn deep interactions over text and graph, but they require care-
fully curated pretraining data, are mainly studied for graph-oriented tasks
Yang et al. (2021); Chien et al. (2022); Tang et al. (2024), or are yet to be
adapted to a generative framework Yasunaga et al. (2022); Plenz and Frank
(2024).

In this work, we introduceMEG, a parameter-efficient approach to MEd-
ical knowledGe-augmented LLMs for question answering (QA). We design a
lightweight mapping network to unidirectionally translate KG embeddings
into the LLM’s vector space. This enables the LLM to interpret the new
input embeddings, which, in turn, further conditions its response generation.
We use Mistral-Instruct (7B) Jiang et al. (2023) as our base LLM and report
results with our best setup: a KG encoder based on GraphSAGE Hamil-
ton et al. (2017) combined with a simple MLP as mapping network. We also
provide results with the recently released Llama-3-Instruct (8B) Dubey et al.
(2024) as base LLM.

In sum, our contributions are as follows: i) We introduce MEG, a
novel approach to knowledge-augmented LLMs based on KGEs. ii) We con-
duct extensive evaluation on the four popular multiple-choice QA datasets
from the MultiMedQA Singhal et al. (2023a) clinical benchmark, and demon-
strate the effectiveness of integrating pretrained KGEs into LLMs for medical
question answering. Specifically, MEG surpasses strong LLM baselines like
BioMistral-7B Labrak et al. (2024) or MediTron-7B Chen et al. (2023a),
which have followed a costly continued pretraining of the base LLMs on cu-
rated biomedical data. iii) We provide insights into the inner workings of
MEG, examining the contributions of each module and comparing embed-
ding spaces. We intuitively explain the shifts in the LLM’s representations
that drive MEG’s stronger performance. iv) We publicly release the code,
trained KGEs and model checkpoints at github.com/lautel/MEG.

7.2 Related Work
Medical Language Models Current state-of-the-art (SOTA) in medical
QA benchmarks like MedQA Jin et al. (2021a), PubMedQA Jin et al. (2019)
or MedMCQA Pal et al. (2022) belongs to close-sourced models of unknown
size like Med-Gemini Saab et al. (2024), Med-PaLM2 Singhal et al. (2023b)
or GPT-4 Nori et al. (2023). Popular open-source LLMs in biomedicine
include MedAlpaca Han et al. (2023) and PMC-LLaMA Wu et al. (2023)
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based on Llama Touvron et al. (2023a), MediTron Chen et al. (2023a) based
on Llama-2 Touvron et al. (2023b), or BioMistral Labrak et al. (2024) based
on Mistral-Instruct Jiang et al. (2023). These models continue pretraining
the base general-purpose models on curated medical corpora. More recently,
Kim et al. (2024) present the Meerkat models trained with chain-of-thought
Wei et al. (2024) synthetic data. Meerkat-7B outperforms the previous best
7B models across several medical benchmarks. However, it takes eight 80G
A100 GPUs and 1.5 days to complete training. In contrast, our approach
is the first to leverage pretrained medical KGEs and can be trained on four
A10G GPUs within a few hours (see § 7.5 for details).

Knowledge-Augmented Language Models Bringing together LLMs
and KGs is an active line of research that has gained increasing attention
from both academia and industry (Pan et al., 2023, 2024). Among numerous
efforts in this area, Zhang et al. (2019); Yasunaga et al. (2022); Tang et al.
(2024); Zhu et al. (2023), to name a few, propose different methods for com-
bining text and graphs during pretraining. Parallel to these lines of work,
Sarmah et al. (2024); Edge et al. (2024); Hu et al. (2024); Mavromatis and
Karypis (2024) approach the integration of LLMs and KGs through retrieval-
augmented generation (RAG) Lewis et al. (2020). However, the deployment
of such knowledge-augmented LLMs for medical QA remains understudied.
Our work fills this gap and presents a novel approach to medical knowledge-
augmented LLMs based on KGEs. We note thatMEGmay resemble a sort of
RAG system, where an LLM leverages knowledge from an external database
of KGEs. In this case, the grounding module would act as retrieval module,
fetching appropriate KGEs that ground text information in KG entities as
part of a prompt.

7.3 Problem Formulation
We augment an LLM with KG embeddings to answer medical questions
drawing on factual knowledge from the KG. We rely on a large KG in the
target domain, namely UMLS Bodenreider (2004). Our proposed approach,
MEG, consists of four key components:

i) A KG encoder to represent knowledge graph entities in a continuous
vector space, while preserving their semantic meaning.
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ii) An instruction-tuned language decoder capable of generating tex-
tual answers.

iii) A mapping function fk that transforms the output of the KG encoder
into a representation that can be used by the language decoder. fk is
parameterized by a neural network. Thus, we interchangeably use the
term mapping network.

iv) A KG grounding module that detects textual entities and grounds
them in graph entities.

Figure 7.1 depicts the full pipeline of MEG. We carefully investigate the
design of these components and how they interact with each other (§ 7.4.1).
To attain the best accuracy on downstream tasks, we conduct a two-phase
training (§ 7.4.2).

Definitions. A generic dataset for multiple-choice question answering
(QA) consists of examples with a context paragraph, a question and a
candidate answer set, all expressed in text. Given a QA example, each
prompt W is the concatenation of context, question and candidate answer
set. We denote the sequence of tokens (words) in W as {w1, . . . , wS}, where
S is the maximum sequence length. We denote the sequence of tokens
(vectors) in the language model embedding space as We = {we1, . . . , weS}.

We define a knowledge graph (KG) as a directed graph G = (V,E), where
V is the set of entity nodes, and E ⊆ V ×R× V is the set of edges (triples)
that connect nodes in V , with R being the set of relation types. Each triple
(s, p, o) in a KG represents a knowledge fact, such as (Headache, is_a,
Cephalgia). A KGE e is a mathematical representation that maps each
entity v ∈ V and each relation r ∈ R of a directed knowledge graph G to
low-dimensional vectors in Rg, preserving the semantic relationships within
the graph.

Finally, we define a KGE-augmented language model to be a function
fl(We ⊕ fk(X))2 with fl ∈ Rl, where fk(X) is a set of KGEs, {e1, . . . , eN}
with ei ∈ Rg, that has been mapped to the LLM’s space using a learned
mapping function fk : Rg → Rl. The language model fl concatenates these
representations to the token word embeddings We to perform downstream
tasks in the fine-tuning steps. A language model is a special case of a KGE-
augmented language model with no KGE (N=0).

2Formally, its domain is the set of sequences of elements xi ∈ Rl.
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Instruction-
tuned LLM

KGE

KG 
Encoder

[INST] Please address the following
medical question [...]
Graph: {kg_embedding} 
Input: A 67-year-old man with transitional
cell carcinoma [...] the following actions?
Options:
A) Inhibition of proteasome
B) Hyperstabilization of microtubules
C) Generation of free radicals
D) Cross-linking of DNA [/INST]

KG
Grounding

Mapping
Network

Answer: D) Cross-linking of DNA 

❄️

❄️

🔥

❄️❄️

Figure 7.1: MEG leverages a pretrained KG encoder and an LLM. During
an initial phase of training, MEG learns a mapping network to convert rel-
evant graph features (KGEs) retrieved by the grounding module into token
embeddings. During downstream fine-tuning, only the LLM’s weights are
updated, keeping the LLM’s embedding layer and mapping network frozen.
At inference, the LLM takes the text and the mapped KGEs as input and
generates a response.

7.4 Method

7.4.1 MEG
MEG combines a pretrained KG encoder and a pretrained LLM by means of
an intermediate mapping network (see Figure 7.1). The KG encoder, which
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is trained separately on a large medical KG3, provides graph embeddings
that are directly fed to the mapping network. Then, the LLM uses the text
content and mapped KG embeddings as input to generate an answer.

Knowledge Graph Encoder The KG encoder is trained up-front over the
selected graph to generate KGEs. We choose GraphSAGE Hamilton et al.
(2017) as our preferred KG encoder. In § 7.6.1 we present an ablation study
with random-walk-based, energy-based translational, and message-passing
encoders.

Mapping Network The mapping function fk transforms a sequence of
graph features from the KG encoder into a sequence that can be consumed
by the LLM. We parameterize fk as an MLP with four hidden layers of size
dh = 128. In particular, a set of graph embeddings is transformed from
dg = 256 to dl = 4096 after a series of non-linear transformations through
the hidden layers of fk. We denote the initial embedding sets as X = {xi}Ni=1,
Y = {yj}Nj=1, xi ∈ Rdg , yj ∈ Rdl , being xi the KGEs, yj the averaged token
embeddings of the entity in the LLM, and N the total number of graph
embeddings (entities). We further denote the set of mapped embeddings as
fk(X) := {fk(xi)}ni=1.

The goal is to learn the mapping fk that transforms X to the LLM’s vec-
tor space, while preserving its semantic meaning and structural information.
Rather than minimizing the sum of squared differences between fk(X) and
Y , we aim at positioning each xi in the neighborhood of its counterpart in Y .
Pursuing an exact matching of space distributions, such as through a Pro-
crustes transformation Schönemann (1966); Gower (1975), would disregard
the structural knowledge encoded in X.

To achieve this, we design an architecture similar to Xu et al. (2018) with
two mappings fk : X → Y and gk : Y → X, as illustrated in Figure 7.2. We
construct an instruction dataset with labels from UMLS’s entities to teach
the LLM to interpret the transformed graph embedding fk(xi). Figure 7.2
shows an example of an instruction, where the placeholder {kg_embedding}
is replaced by fk(xi). We train the full network jointly with the LLM4.

3Specifically, we use UMLS Bodenreider (2004), a widely-used KG in biomedicine with
∼300K nodes (entities) and one million edges in total.

4We conducted experiments by training the mapping network and LLM separately on
UMLS. However, this approach resulted in worse performance on the downstream tasks
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X fk(X)
fk

gk(fk(X)) gk

Y

Back-
translation

Loss

Contrastive
Loss

GRAPH LLM

Instruction-
tuned LLM

Mapping
Network

[INST] Explain to me this medical concept 
{kg_embedding} [/INST] Diabetes type II

Figure 7.2: fk and gk are embedding transfer functions. fk takes a set of
KGEs X (i.e., node entities) as input, and outputs a mapping of X to the
LLM’s vector space. Y is the set of averaged token embeddings of entities
in the LLM space. During training, gk prevents degenerated transformation
of graph embeddings. The dashed lines indicate the input for the objective
losses.

Our loss function consists of three parts: a standard next-token prediction
objective (cross-entropy loss Lce), and a sum of a contrastive loss and a
back-translation loss to optimize the mapping network. Specifically,

• Given a batch Xb including a positive pair of examples xi and xj, a con-
trastive objective Hadsell et al. (2006) is a function whose value is low
when xi is similar to xj and dissimilar to all others, which are considered
negative pairs for xi. We employ a popular contrastive self-supervised
learning objective Sohn (2016); van den Oord et al. (2019); He et al.
(2019), dubbed as NT-Xent loss by Chen et al. (2020a). NT-Xent
uses dot product as similarity measure, and computes a normalized

tested.
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temperature-scaled cross-entropy loss for a positive pair as follows,

`i,j = − log
exp(xi · xj/τ)∑B

k=1,k 6=i exp(xi · xk/τ)
, (7.1)

where B is the batch size and τ is the temperature. We set the hyper-
parameter τ = 1.0 5. The final loss Lc is computed across all positive
pairs in a batch, summed across all batches. Intuitively, the contrastive
loss serves as an unsupervised objective function for training the net-
work to bring similar entities closer together in Y and push dissimilar
ones apart.

• We also employ a back-translation loss for preventing degenerated
transformation. We enforce that the graph embedding after the forward
and the backward transformation should not diverge much from its
original direction. Following Xu et al. (2018), we choose the back-
translation loss based on cosine similarity. Note that our primary goal
is to optimize the forward mapping fk : X → Y . Thus, we do not
control for back-translation in the reversed path, gk : Y → X,

Lbt(fk, gk) =
∑
i

(1− cos(xi, gk(fk(xi)))) (7.2)

Thereby, when training the mapping network jointly with the LLM, we
minimize the following objective function:

L = αLc + βLbt + Lce, (7.3)

where α and β are scalar hyperparameters to weight each objective in
the transformation process. Our network design achieves a good trade-off
between expressivity and parameter count, totaling 1.22M parameters. Af-
ter the mapping is learnt, we freeze the network’s weights and the LLM’s
embedding layer during the fine-tuning to downstream tasks (Phase II of
training). The backwards transfer network gk is disconnected and only fk is
used to do the mapping.

5We also evaluate τ = 0.5 as in Chen et al. (2020a) and τ = 0.07 as in He et al. (2019).
We choose the final value of τ = 1.0 based on accuracy attained on a zero-shot setting on
the validation split in MedQA.
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Grounding Module The grounding module takes textual dataW as input
and links entity mentions inW to their corresponding nodes in the knowledge
graph G, generating a set of KG embeddings for the LLM to use. A critical
step in this process is medical entity disambiguation Vretinaris et al. (2021);
Lu et al. (2024), which involves detecting named entities in W and linking
them to their unique counterparts in G. Since an entity can be referred to
in multiple ways, for instance “heart attack” and “myocardial infarction”,
this step standardizes variations by linking them to a unique identifier in G
(following with the previous example, both mentions correspond to Concept
Unique Identifier (CUI) “C0155626” in UMLS). This grounding ensures re-
trieval of relevant information for each example. We use the entity linker
presented in Neumann et al. (2019)6, which covers 99% of the concepts men-
tioned in the MedMentions dataset Mohan and Li (2019) and 86% of the
concepts mentioned in the MedQA dataset Jin et al. (2021a). These two
datasets provide ground truth UMLS annotations.

7.4.2 Training
We aim to train MEG to achieve competent results on medical question
answering benchmarks while minimizing computational cost. To do this, we
conceive a two-phase training strategy with a minimal part of the model’s
parameters updated.

Phase I: Embedding Transfer Learning We first learn the optimal
transformation fk : X → Y so that the mapped KG embeddings retain
relevant information from the KG and can be effectively used by the LLM.
As explained in § 7.4.1, we create an instruction dataset to guide the LLM
in learning the relationship between its original representation of medical
entities and their mapped graph embeddings. The train set contains 297,927
examples, following the same template shown in Figure 7.2 for every entity
label in UMLS.7 We train for one epoch jointly the mapping network and

6We use the last version of scispaCy (v2.5.0), which supports linking to UMLS and has
near 3M unique concepts.

7We investigate whether data augmentation at this stage could lead to more accurate
results in downstream tasks. We augment the initial ∼300K examples by creating new
instructions with multiple entities, e.g.“Explain to me these medical concepts: […]”, to
better match the setting from downstream tasks, which often include several entities per
sample. This process doubles the dataset size, with an augmentation that normally dis-
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the LLM to minimize the objective from Eq. 7.3.

Phase II: Downstream task Given a medical multiple choice QA
dataset, we fine-tune MEG to answer the input question based on the
textual content and information leveraged from the mapped KG embed-
dings. We format the input prompts W as follows. For each example in
the dataset, we concatenate the context (if any), question and candidate
answer set following the pseudo-code shown in Figure 7.3. The placeholder
{kg_embedding} is replaced with N KGEs transformed by the mapping
network8. We assume fk is learned in phase I, so we keep the mapping
network weights frozen and disconnect the backward network gk, which
merely served to regulate the learning of fk and prevent degenerated
transformation. Similarly, the LLM’s embedding layer is also frozen.

7.5 Experimental Details
Data Following previous research on medical LLMs, we evaluate MEG
on four well-known medical benchmarks that require extensive background
knowledge. The first one is MedQA-USMLE (MedQA) Jin et al. (2021a),
which consists of 10,178 train questions and 1,273 test questions, formatted
with four choices each. The content was originally curated by experts from
the US Medical License Exam. The second benchmark, PubMedQA Jin
et al. (2019), was collected from PubMed abstracts and includes 1,000 expert
labeled question-answer pairs. The task is to produce a yes/no/maybe an-
swer based on the question and an abstract as context. As previously done
by others Singhal et al. (2023a); Chen et al. (2023a); Labrak et al. (2024), we

tributes the number of entities per instruction between 2 and 10. Results are within ±0.2
accuracy in MedQA compared to training without the augmented data. Due to the extra
computational costs and minor (if any) gains, we did not explore this option further.

8In both training phases, we investigate the effect of injecting the mapped KGEs at
the last layer of the LLM instead of after the embedding layer. These early experiments
revealed little to no impact on zero-shot downstream accuracy, but slightly worsen the
fine-tuned accuracy as measured on the validation set of MedQA with three random ini-
tialization seeds. This finding suggests that the LLM benefits from attending the external
KGEs during fine-tuning, enabling more contextualized representations of these embed-
dings.
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[INST] Please address the following medical question based
on the Input text and any useful information you may find in
the given concepts from a medical graph.
Input: context question
Options:
{% for option in options %}
{{letter}}) {{text}}
{% endfor %}
Answer with the best option directly. Ignore irrelevant infor-
mation.
Graph: {{kg_embeddings}} [/INST]
Answer: {{correct_option}}

Figure 7.3: Template used to generate instructions for all QA datasets. The
context is optional, depending on the dataset. At inference time, the text
after [/INST] is generated by the language model.

use 500 random9 samples for evaluation. The remaining 500 samples, though
limited in size, serve as our only source of training data. We exclude the 211k
artificially labeled yes/no samples provided by Jin et al. (2019) to avoid bias
towards these two options. The third benchmark, MedMCQA Pal et al.
(2022), contains 179,72210 train questions from Indian medical entrance ex-
ams. Due to the unavailability of answer keys for the test set, we follow others
Wu et al. (2023); Tu et al. (2023); Labrak et al. (2024) and report results on
the validation set (4,183 questions). Lastly, MMLU-Medical Singhal et al.
(2023a) includes 1,089 questions, each with four options, across six medical
and biology-related categories drawn from Hendrycks et al. (2021). Since this
dataset only provides test data, we evaluate the generalization performance
of MEG fine-tuned on MedMCQA as in Chen et al. (2023a). Thus, results
on MMLU-Medical report out-of-distribution inference.

Training Details We initialize the KG node embeddings with token em-
beddings from SapBERT Liu et al. (2020a). SapBERT leverages contextual-
ized embeddings from a pretrained BERT-based language model for biomed-

9We split the data following a similar distribution of answers between train and test
splits.

10We detect 3,100 duplicate questions in the train split, which we remove.
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ical KGs like UMLS. This initialization leads to improved performance com-
pared to random embedding initialization. We train GraphSAGE with same
hyperparameters as in Hamilton et al. (2017).

During phase I of training, described in § 7.4.2, we randomly initial-
ize the mapping network and load the pretrained weights of the LLM. We
fully train the mapping network and perform low-rank adaptation (LoRA,
Hu et al. (2022)) fine-tuning on every linear layer of the LLM, while the
remaining parameters are frozen. This parameter-efficient tuning approach
allows to learn the equivalent of 2% of the model’s parameters. Our full ar-
chitecture results on 216M trainable parameters for MEG-Mistral. After
fine-tuning, we merge the LLM’s updated parameters with the base model.
Since the input prompt has a fixed size (see Figure 7.2), we use a reduced
sequence length (124) to optimize computational efficiency. We train for one
epoch with gradient accumulation over 8 steps to achieve an effective batch
size of 128. We employ a cosine learning rate scheduler with learning rate
of 1e− 5, warmup ratio of 3% and no weight decay. We use mixed precision
(bfloat16) and FlashAttention2 Dao (2023) to optimize memory usage and
speed up computations on the LLM. Training takes 4h on 4 NVIDIA A10G
GPUS using DeepSpeed11 for distributed training.

After phase I, the models are evaluated in a zero-shot setup on down-
stream tasks, already able to use information from graph embeddings. To
fine-tune on a specific task, we perform phase II of training. To allow batch-
ing, the number of KGEs injected to the LLM is fixed across samples12. If
the grounding module retrieves more KGEs, we randomly select N . Other-
wise, we add zero-padding. We assume the mapping network is learned in
phase I, so we freeze its weights and disconnect the backward network gk. We
also freeze the LLM’s embedding layer. This approach reduces the compu-
tational complexity and speeds up fine-tuning with a total of 83M trainable
parameters in both MEG-Mistral and MEG-Llama. Fine-tuning is done
for 3 epochs, with a sequence length of 400 (500 for PubMedQA), learning
rate of 1e− 4 and effective batch size of 32. The remaining hyperparameters
have the same value as in phase I. We did not optimize hyperparameters for
Llama-3-Instruct.

11https://www.deepspeed.ai/
12The average number of ground entities per instance varies across datasets according

to the median number of ground entities. We set N = 20 in MedQA, PubMedQA and
“professional medicine” in MMLU-Medical; N = 3 in MedMCQA and N = 2 in the
remaining categories from MMLU-Medical.

140

https://www.deepspeed.ai/


Chapter 7 | MEG: Medical Knowledge-Augmented Large Language Models for
Question Answering

7.6 Results
We evaluate accuracy on four medical multiple-choice question datasets in
three variants of MEG: MEG-Mistral1 and MEG-Mistral3, based on
Mistral-7B-Instruct-v0.1 and -v0.3, respectively; and MEG-Llama, based
on Llama-3-Instruct. We report average accuracy and standard deviation
across three random seeds. Our results in Tables 7.1 and 7.2 reveal consistent
average improvement across datasets compared to baselines.

Model Acc

ZS
Mistral-Instruct-v0.1† 42.3±0.3

BioMistral† 44.4±0.2

Mistral-Instruct-v0.1 w/ graph 40.4±0.4

FT
Mistral-Instruct-v0.1† 42.0±0.2

BioMistral† 50.6±0.3

Mistral-Instruct-v0.1 w/ graph 52.7±0.2

Table 7.1: Ablation study on the utility of the explicit information encoded
in knowledge graph triples. We report accuracy on MedQA. ZS stands for
“zero-shot”; FT stands for “fine-tuning”. †Results from Labrak et al. (2024).

In-prompt graph triples provide useful information We investigate
whether the inclusion of KG information can positively influence the LLM’s
answers. To establish a primary baseline, we take Mistral-Instruct-v0.1 and
MedQA as a running example. For each question, we select a maximum
of 10 named entities s and randomly retrieve 2 graph neighbors o for each,
resulting in a maximum of 20 graph triples (s, p, o). We include them as
part of the prompt, in natural language13. Table 7.1 shows a degradation in
zero-shot accuracy when including triples to the prompt. This can be due to
the random selection of the final triples (to fit in the context length), since
the semantic information varies among them significantly. This limitation
speaks in favor of using KGEs to condense representation of entities to a sin-
gle embedding. Also, as Hager et al. (2024) point out, LLMs’ face difficulties

13We append the triples at the end of the instruction in JSONL-style, i.e., [{s1,p1,o1},
{s2,p2,o2}, …].
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MedQA PubMedQA MedMCQA MMLU-Medical Avg MMLU-Medical
Human (pass) 60.0 60.0 Clinical K. Genetics Anatomy P. Medicine C. Biology C. MedicineHuman (expert) 87.0 78.0 90.0

Models based on Llama Models based on Llama

MedAlpaca (7B)† 40.1±0.4 73.6±0.3 37.0±0.3 55.1±1.1 51.4 53.1±0.9 58.0±2.2 54.1±1.6 58.8±0.3 58.1±1.3 48.6±0.5

MEDITRON-7B∗‡ 52.0±− 74.4±− 59.2±− 54.2±− 60.0 57.2±− 64.6±− 49.3±− 55.4±− 53.8±− 44.8±−
Meerkat-8B∗‡ 74.2±− - 62.7±− 75.2±− 70.7 74.3±− 76.7±− 74.8±− 75.3±− 76.1±− 74.3±−
MEG-Llama (8B) 66.0±0.2 78.0±0.3 60.6±0.3 74.9±0.7 69.9 72.3±0.5 83.0±1.5 64.5±0.7 79.4±0.3 80.6±0.4 69.4±0.9

Models based on Mistral-Instruct 7B Models based on Mistral-Instruct 7B

Mistral-Instruct-v0.1† 42.0±0.2 73.8O±0.4 46.1±0.1 59.1±1.0 55.3 62.9±0.2 57.0±0.8 55.6±1.0 59.4±0.6 62.5±1.0 57.2±2.1

BioMistral† 50.6±0.3 77.5±0.1 48.1±0.2 59.1±1.3 58.8 59.9±1.2 64.0±1.6 56.5±1.8 60.4±0.5 59.0±1.5 54.7±1.0

BioMistral DARE† 51.1±0.3 77.7±0.1 48.7±0.1 61.9±1.2 59.9 62.3±1.3 67.0±1.6 55.8±0.9 61.4±0.3 66.9±2.3 58.0±0.5

Meerkat-7B ‡ 70.3±− - 60.6±− 70.5±− 67.1 71.6±− 74.8±− 63.2±− 77.3±− 70.8±− 65.2±−

MEG-Mistral1 54.6±0.2 74.6±0.6 56.4±0.4 60.3±0.9 61.5 58.1±0.8 68.7±0.2 54.4±0.5 62.9±0.9 61.1±2.2 56.6±1.0

MEG-Mistral3 60.8±0.2 74.4±0.5 58.4±0.6 68.2±0.4 65.5 64.9±0.2 69.6±0.8 63.0±1.0 72.8±0.4 73.6±0.0 65.2±0.2

Table 7.2: Main results on four medical multiple-choice question answering
benchmarks (left) and fine-grained results on MML-Medical (right). We
report accuracy (↑) and standard deviation (↓), when available, of other 7B
and 8B medical open-source models. Avg stands for average across datasets.
†Results reproduced by Labrak et al. (2024). OReproduced by us with the
same data splits used in this work. ‡Results from the original papers.

in interpreting large amounts of information. However, fine-tuning the model
with triples boosts accuracy, even surpassing BioMistral, a model adapted
from Mistral-Instruct-v0.1 through continued pretraining on curated biomed-
ical data. This baseline highlights the value of graph data for the LLM, but it
still does not fully leverage the structural and semantic information provided
by the KG.

KGE-augmented LLMs show accuracy gains To fully exploit the
KG’s rich structural information, we replace the text triples by node embed-
dings. This approach also compacts the KG’s information into a much shorter
input sequence. Table 7.2 shows performance on the four medical multiple-
choice question answering datasets (left), and a fine-grained evaluation on
MMLU-Medical subjects (right). Across all datasets, MEG-Mistral con-
sistently outperforms the baselines’ accuracy, and the merged model DARE,
the best BioMistral model in Labrak et al. (2024). The only exception is
PubMedQA, where BioMistral surpasses MEG. Their higher accuracy may
result from using the artificially labeled training set. Instead, we rather train
with the small subset of manually labeled samples to avoid biasing the model
towards yes/no answers (see § 7.5). The high accuracy on MMLU-Medical
indicates that MEG retains good generalization capabilities. Current SOTA
for 7B models, Meerkat-7B, proves the effectiveness of training on chain-of-
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thought (CoT) in-domain synthetic data. Future work includes exploring
CoT instruction tuning in our phase I of training, exploiting information
from graph triples instead of relying only on entity labels.

7.6.1 Ablation study
In this section, we evaluate how the choice of graph encoder and mapping net-
work architecture impact MEG-Mistral1’s performance on a downstream
task (case study on MedQA).

On the impact of the graph encoder We train encoders based on
random-walk (RDF2Vec Ristoski and Paulheim (2016)), energy (DistMult
Yang et al. (2015)) and message-passing (GraphSAGE Hamilton et al. (2017)
and eGraphSAGE, an edge-type-aware variant inspired by Hu et al. (2020)’s
adaptation). Along with their impact in MEG’s performance, we include
a link classification task as a proxy to evaluate their capabilities. Since
these encoders are fundamentally distinct, they capture diverse graph prop-
erties, as reflected in classification accuracy in Figure 7.4, plain (orange)
bars. eGraphSAGE stands out with a considerably higher score (73.9), as it
naturally integrates edge-type information during training.

However, higher accuracy in a graph-oriented task such as link classifica-
tion, does not lead to better performance in a language-oriented downstream
task in MEG. When we integrate these KGEs in MEG-Mistral1 and
evaluate zero-shot and fine-tune settings on MedQA (Figure 7.4, stripped
bars), eGraphSAGE’s substantial advantage in link classification does not
carry over to MEG-Mistral1, as evidenced by the smaller performance
gap across encoders (ranging from 52.1 to 54.2). This suggests that the role
of the KGEs in our setup aligns with our intuition: they guide the answer
generation by activating the LLM’s semantic region that leads to the cor-
rect answer. The difference is more notable in a zero-shot setting, where
RDF2Vec produces the highest rate of not valid answers (NA). DistMult’s
lower NA rate indicates it may better align with the LLM’s embedding space.

On the impact of the mapping network To assess the impact of the
mapping network architecture we replace our 4-layer, 128-dimensional MLP
(MLP 4×128) with the alternative designs from Table 7.3. Our final choice,
MLP 4×128, outperforms all others in the fine-tuning setting while maintain-
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Figure 7.4: Ablation study on KG encoder choice. Plain bars show edge
classification accuracy over UMLS; stripped bars show MEG-Mistral1’s
zero-shot (//) and fine-tuned (\\) accuracy on MedQA; the dashed line rep-
resents accuracy with random embeddings; red dots mark the ratio of not
valid answers (NA) in the zero-shot setting.

Parameters (M) MedQA (ZS) MedQA (FT)

MLP 2×512 4.98 41.6 53.5
MLP 2×384 3.74 41.5 53.3
Transf. 4×128 2.18 39.9 53.2
MLP 4×128 1.22 41.6 54.2
MLP 3×128 1.18 42.7 52.7
MLP 2×128 1.15 38.2 51.3

Table 7.3: Comparison of MEG-Mistral1’s accuracy on MedQA with dif-
ferent mapping networks. ZS: zero-shot; FT: fine-tuned.

ing a small size. The transformer’s lower score highlights the unnecessary
overhead of attention layers, as the mapping network’s task of embedding
transformation does not benefit from attending the input sequence.
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Figure 7.5: t-SNE visualization of the embeddings: before and after the map-
ping network. After mapping, the relative KGEs’ structure along hierarchy
levels is preserved, albeit slightly rotated (e.g., in Level 4, see the diago-
nal gap which hints the orientation of the blobs) and with reversed sparsity.
Note the clustering effect over contextualized label embeddings: the mapped
KGEs draw them to a specific region.

7.6.2 Qualitative Analysis
This section provides insights into the representation spaces before and after
the mapping network, comparing them with the LLM’s vector space.

Visualizing the embeddings To track the mapped KGEs, we select three
UMLS concepts (entities) representing different semantic and specificity lev-
els within the graph’s hierarchy, measured by the number of descendants (
is_a and subclass_of relations): “Diabetes Mellitus” (CUI: C0011849,
a broad disease category), “Headache” (CUI: C0018681, a symptom), and
“Atorvastatin Calcium” (CUI: C0286650, a specific pharmacological sub-
stance).

Figure 7.5 depicts t-SNE14 plots of the concepts (Level 0) and their hi-
erarchies (Level 1 to 4) in the KGE space (top row) and the mapped KGE

14We have also witnessed the same overall behavior using UMAP and MDS to visualize
the embeddings.
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along with the concept’s contextualized embeddings in the LLM space (bot-
tom row). Such contextualized embeddings are the LLM’s token embeddings
generated for the labels of the concepts when verbalizing their KG’s triples,
i.e., they represent the concepts in all the contexts given by the KG.

Examining the distribution of concepts in the upper and lower rows, we
observe two effects of the mapping. First, the relative structure of KGEs
is preserved after mapping to the LLM’s space, albeit slightly rotated (see
Level 1 and Level 4) and with reversed sparsity (high-density groups become
less dense, while low-density groups tighten; yet the global between-group
structure is the same)15. Second, the clustering effect of the contextualized
label embeddings (see Level 0): while the labels (circles in the bottom row)
are scattered, the mapped embeddings cover such spaces. As we descend
in the graph’s hierarchy, the contextualized labels become increasingly scat-
tered, yet the mapped KGEs, while remaining within the same region, stay
more cohesive. Note that these contextualized labels are distinct vectors for
the same label across different contexts. Indeed, their sparsity suggests that
they do not completely capture the conceptual dimension of the entity they
represent. The mapping seems to activate the LLM’s embedding region as-
sociated with each concept, providing semantic information the model uses
to condition its answer generation.

Probing MEG for acquired knowledge We informally probe MEG to
estimate its acquired medical knowledge. We handcraft a set of open-ended
questions to query Mistral-Instruct before and after the phase I training on
UMLS (§ 7.4.2), and MEG. As an example, we show an excerpt (irrelevant
information to the question is omitted for brevity) of models’ answers to
the question “What are the active and inactive compounds present in Ator-
vastatin?”16 and highlight the key differences. MEG uses the KGE for
Atorvastatin and provides a more knowledgeable response.
Mistral-Instruct (baseline): …The active compound in Atorvastatin is
Atorvastatin itself, while the inactive compounds are Atorvastatin calcium
salt and Atorvastatin magnesium salt.
Mistral-Instruct after phase I: …The active compound present in Ator-
vastatin is Atorvastatin calcium. …is responsible for the drug’s therapeutic

15Given that KGE’s and LLM’s embeddings represent two spaces with different dimen-
sionalities, we applied t-SNE separately to each; thus, a difference in scale is expected.

16This question targets Atorvastatin (C0286650 in UMLS).
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effect. There are no inactive compounds present in Atorvastatin.
MEG-Mistral1: …the active compound Atorvastatin calcium.The inactive
compounds present in Atorvastatin include excipients such as microcrys-
talline cellulose, croscarmellose sodium, magnesium stearate, and sodium
lauryl sulfate …

7.7 Analysis and Discussion
Our approach is efficient not only because it trains a small fraction of the
LLM’s parameters but also because it seamlessly handles out-of-vocabulary
terms. A new term’s KGE can be initialized, for instance, by averaging its
one-hop neighbors in the KG, making MEG both lightweight and adaptable
to new vocabulary. The efficacy of this method should be evaluated in future
work.

Garikipati et al. (2024) demonstrate that prompt engineering can outper-
form fine-tuning in medical QA for open-source LLMs. However, our focus
was to investigate the viability of integrating knowledge from KG embeddings
into LLMs rather than optimizing for peak downstream performance. Our ex-
periments show that supervised fine-tuning of KGE-augmented LLMs yields
more accurate answers than other specialized baselines. Chain-of-thought
tuning, as shown by Kim et al. (2024), is another promising step forward to
improve MEG’s accuracy. MEG improves response generation by injecting
KGEs in a single generation step. This suggests thatMEG could also benefit
from chain-of-thought tuning, as each of the reasoning steps would increase
precision of the model’s response.

Besides, the sensitivity of LLMs to the information order in multiple-
choice questions, also known as positional bias, is well-documented
Pezeshkpour and Hruschka (2023); Zheng et al. (2024). More specific to
biomedicine, Liévin et al. (2024) and Hager et al. (2024) show how variations
in sequence can significantly impact diagnostic accuracy of medical-aligned
language models. However, the robustness to changes in information order
remain understudied in most medical model evaluations. Recent studies
Wang et al. (2024b,a) find that greedy decoding combined with text answer
evaluation gives more consistent answers compared to first-token evaluation,
particularly for instruction-tuned LLMs. Thus, in an attempt to alleviate
this issue, we inspect the text answer generated by the model instead of
ranking the candidate answers by the log probability of its first token
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prediction. However, whether KGEs further help the LLMs in mitigating
positional biases —as well as other Lyell and Coiera (2017); Moor et al.
(2023); Ness et al. (2024) biases— needs to be explored in future work.

7.8 Conclusion
We introduce MEG, a novel medical knowledge-augmented LLM based on
KGEs for question answering tasks. To the best of our knowledge, we are
the first to inject pretrained KGEs into an LLM via a lightweight mapping
network, enabling the model to interpret structural graph information from
the medical domain. We present a comprehensive evaluation on four medical
multiple-choice question benchmarks, revealing that LLMs can highly benefit
from the factual information encoded in KG embeddings. Our results suggest
that integrating KGEs with LLMs offers a promising path towards specialized
language models.
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Chapter 8

Discussion

The primary goal of this dissertation was to deepen our understanding of
language model representations. The included publications have collectively
advanced research on probing language models for social bias, fairness, and
task-oriented adaptability. The published works in Part I explored model
evaluation beyond traditional performance metrics, and delved into the nu-
anced interplay between bias and fairness, as well as their independence.
Part II complemented our comprehension of NLP technologies by explor-
ing cross-cultural transfer learning and enhancing LLMs’ ability to answer
specialized domain questions using knowledge graphs.

Open Problems As discussed throughout various chapters of this thesis,
the contested nature of fairness and its multidisciplinary implications make
it impractical to adopt a single universal definition. This conceptual ambigu-
ity has been, and continues to be, a significant challenge in both theoretical
and empirical analysis, complicating the comparison of measurements and
the reading of reliable conclusions. We have shown that concepts are incon-
sistently applied across studies which, in turn, undermines the coherence of
fairness research and gives the false hope of progress within this field.

Although the performance of language models in isolation may not fully
reflect the impact of AI systems in everyday use (Reuel et al., 2024), a thor-
ough understanding of their potential risks and challenges is crucial for the
safe deployment of more complex AI systems. As Eckhouse et al. (2019) put
it in the context of risk assessment models, “without assurances about the
foundational layers, the fairness of the top layers is irrelevant”. This is, the
just behaviour observed in the higher, more visible parts of a system depends
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on the integrity and trustworthiness of the underlying components. In this
regard, we identify a non-exhaustive list of open problems and directions for
future research on language modelling.

a. Deploying effective evaluation benchmarks that are dynamic (continu-
ous adaptation), relevant (LLMs are evaluated in an scenario as close
as possible to their real-world application), and prioritize inclusivity
(representing diverse cultures and user demographics).

b. Establishing reliable approaches to anticipate the broader societal im-
pact of language models and, ultimately, AI systems. While compre-
hending AI’s societal impact is a central aim of much research, it re-
mains a complex challenge that spans both social and technical dimen-
sions.

c. Optimizing for equal performance rather than average performance.
Research should strive for more inclusive and equitable models, thereby
prioritizing to optimize for performance of the least advantage. This
approach has the potential to address and mitigate performance dis-
parities embedded in current systems, promoting the deployment of
fairer and more equitable AI.

d. Assessing intersectional biases. Evaluating intersectional biases in-
volves understanding how multiple attributes interact to influence the
manifestation of bias in language, such as examining how gender and
race together impact the way individuals are represented. For instance,
a language model might consistently associate certain professions with
women of one racial group while neglecting others, reflecting com-
pounded stereotypes.

e. Monitoring the long-term effects of technology usage disparities across
social groups. As AI becomes increasingly integrated into our daily
lives, it is crucial to gain a deeper understanding of its role in either
exacerbating or alleviating social challenges.

f. Promoting cultural awareness. Efforts to deploy AI systems, such as
content moderators or dialogue bots, should ensure both consistent
behaviour across diverse cultures and adaptability to specific cultural
contexts.
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g. Adopting hybrid approaches. To mitigate the need for training
ever-larger models and address current limitations of LLMs—including
issues like hallucinations, high environmental costs, and lack of
explainability—future research should prioritize leveraging the advan-
tages of hybrid strategies. This requires going beyond simply scaling
up LLMs and focusing on improving systems that integrate external
knowledge sources, such as vector databases or knowledge graphs, to
develop more efficient and reliable solutions.

As we stand at the forefront of the Fourth Industrial Revolution, the
past decades have brought remarkable technological advancements that are
reshaping the way we interact with the world. From how we communicate
with each other to how we solve complex problems, technology is now a
cornerstone of our daily lives. However, with these incredible opportunities
come significant responsibilities. The journey of AI is far from complete—it
has only just begun. There is much work ahead to ensure its safe deployment
and responsible adoption in society, paving the way for innovations that not
only enhance our capabilities but also uphold our shared values and ethical
principles.
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