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Abstract

Names (“Vagrant”), pronouns (“they”) and definite descriptions (“the birder”) are exam-

ples of referring expressions, linguistic forms that point to referents. The complexity of

reference lies in how we can contextually map the same referring expression to different

individuals, and the same individual to different referring expressions. Thus, despite

recent advances in natural language processing (NLP), faithfully resolving and doing

reference still presents a significant challenge for systems that deal exclusively with

linguistic form. Beyond denotational meanings, referring expressions can also have

gendered and racial connotations, and are therefore widely used to measure social biases

and fairness in society and NLP systems. This typically involves several simplifications

that hamper valid and ethical fairness research, including the assumption that names

map one-to-one to their referents’ race and gender, and that the grammatical gender of

English pronouns maps one-to-one to their referents’ gender.

In this thesis, I tackle these issues and make a number of contributions towards fair

and faithful computational processing of English referring expressions. First, I provide

theoretical arguments informed by other disciplines to critique the validity of using pro-

nouns and names as a proxy for sociodemographic factors such as gender. I empirically

show that in the task of coreference resolution, this assumption can misrepresent system

performance and bias, with a novel method to measure stereotypical bias in this context.

Pivoting to language modelling next, I show that large language models can—in simple

settings—frequently overcome stereotypical biases to do pronominal reference correctly

just as humans do. Finally, with a controlled evaluation to disentangle true reasoning

about reference from shallow repetition of referring expressions, I show that today’s

large language models are not up to the task of faithful reasoning about reference. The

arguments in this thesis are of wide relevance to researchers and practitioners who work

on fairness, reasoning, and reference, more broadly.
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Zusammenfassung

Namen (“Vagrant”), Pronomen (“er”) und eindeutige Beschreibungen (“der Vogelbe-

obachter”) sind Beispiele für referierende Ausdrücke, sprachliche Formen, die auf

Referenten verweisen. Ihre Komplexität liegt darin, dass wir denselben Ausdruck kon-

textuell auf verschiedene Personen und dieselbe Person auf verschiedene Ausdrücke

beziehen können. Trotz der Fortschritte im Bereich Sprachverarbeitung stellt die getreue

Auflösung und Ausführung von Referenzen daher immer noch eine große Herausfor-

derung für Systeme dar, die sich ausschließlich mit sprachlichen Formen befassen.

Neben denotationalen Bedeutungen können referenzierende Ausdrücke auch soziale

Konnotationen haben und werden daher häufig zur Messung sozialer Vorurteile und

Fairness verwendet. Dies beinhaltet in der Regel mehrere Vereinfachungen, die eine

valide und ethische Fairnessforschung erschweren, darunter die Annahme, dass Namen

eins-zu-eins auf die Ethnie und das Geschlecht ihrer Bezugspersonen abgebildet werden

und dass das grammatikalische Geschlecht der englischen Pronomen eins-zu-eins auf

das Geschlecht ihrer Bezugspersonen abgebildet wird.

In dieser Arbeit leiste ich eine Reihe von Beiträgen zu einer fairen und getreuen

Verarbeitung von englischen Referenzausdrücken. Zunächst führe ich theoretische Ar-

gumente aus anderen Disziplinen an, um die Gültigkeit der Verwendung von Pronomen

und Namen als Stellvertreter für soziodemografische Faktoren zu kritisieren. Empirisch

zeige ich, dass diese Annahme bei der Aufgabe der Coreference-Resolution die Sys-

temleistung und -verzerrung falsch darstellen kann. In einem nächsten Schritt zeige ich,

dass große Sprachmodelle - in einfachen Situationen - häufig stereotype Verzerrungen

überwinden können, um pronominalen Verweis korrekt auszuführen, so wie es Men-

schen tun. Abschließend zeige ich anhand einer kontrollierten Evaluierung, dass die

heutigen großen Sprachmodelle nicht in der Lage sind, treffsichere Aussagen über die

Referenz zu treffen.
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1
Introduction

Referring expressions are linguistic forms that point to real-world referents (e.g., names,

pronouns, and definite descriptions), putting them at the heart and soul of the largely

arbitrary system of communication we call natural language. Due to their significance

in natural language, referring expressions are also central to the computational field of

natural language processing (NLP). For NLP systems that exclusively see linguistic

forms without the connections we humans typically make with their corresponding

real-world referents, referring expressions present a particularly interesting challenge.

Referring expressions have thus been used in several, vastly different areas of NLP

since the field’s inception. Coreference resolution, the identification of expressions in

natural language that have the same referent, is one of the oldest tasks in computational

linguistics (Sukthanker et al., 2020).1 Referring expression generation, or selecting the

most contextually and semantically appropriate referring expression in a given context,

is similarly considered one of the most well-developed areas of natural language

generation (Krahmer and Deemter, 2012). More recently, NLP researchers have begun

to use another feature of referring expressions such as names and pronouns, i.e., that they

often index sociodemographic features of relevance in societies, such as gender. Thus,

referring expressions, when used as textual proxies for sociodemographic factors, allow

us to measure biases in society—e.g., to study representation in the ACL Anthology via

names (Vogel and Jurafsky, 2012)—as well as in NLP systems—e.g., to study biased

1 Algorithms to resolve pronominal anaphora and their evaluations have been studied for nearly 20

years before the author of this thesis was even born (Hobbs, 1978; Lappin and Leass, 1994)!
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2 I N T RO D U C T I O N

associations in word embeddings via the pronouns he and she (Bolukbasi et al., 2016).

Given the wealth of prior study on referring expressions, what then is left for a thesis in

2025 to contribute to this area?

1.1 Motivation

I see two main threads that present novel challenges with processing referring expres-

sions: (1) The rise of transformer-based large language models, and (2) our understand-

ing of the relationship between language and sociodemographic categories.

Large language models are neural-network based probabilistic models of language

that are trained using vast quantities of text data. This simple recipe, enabled by advance-

ments in hardware, contrasts with earlier decades of work in NLP, where task-specific

architectures, rule-based models, and approaches with structural biases reigned. Now,

a single large language model can be used for a variety of complex tasks involving

language, including writing entire essays, summarizing papers, and answering ques-

tions. In this new paradigm, referring expression generation is no longer one component

of a larger system of moving pieces involved in generation, since a single model is

now responsible for everything. This therefore changes how we should think about the

problem of selecting contextually and semantically appropriate referring expressions.

Orthogonally, most work on using referring expressions as a proxy for sociodemo-

graphic characteristics involves simplifying assumptions that have gone unquestioned.

For instance, the connection between the referring expression and the characteristic

(e.g., pronouns and gender) is generally assumed to be one-to-one. Additionally, it is

often assumed that all referring expressions are informative of the characteristic of

interest (e.g., names and race). These assumptions are widely contested in sociolinguis-

tics (Bucholtz and Hall, 2005; Conrod, 2018) and in onomastics (Hough, 2016), but

much research in NLP fails to account for these criticisms, with serious implications for

the accurate measurement of social biases in society and NLP systems. This highlights

the need for an interdisciplinary re-contextualization of such work.



1.2 R E S E A R C H O B J E C T I V E S 3

1.2 Research Objectives

This thesis addresses the gaps in the literature described above, asking how we can

fairly and faithfully process referring expressions in English. The high-level research

questions I seek to answer are:

1. How valid is it to use referring expressions like pronouns and names as a proxy

for social categories of interest such as gender?

2. How can we measure stereotypical biases in how NLP systems resolve references?

3. Can large language models overcome their stereotypical biases and do reference

correctly?

4. When large language models do reference correctly, are they really reasoning

about reference or shallowly repeating referring expressions?

Research questions 1 and 2 have to do with fair processing of referring expressions.

Research question 1 interrogates, from an interdisciplinary theoretical standpoint, cur-

rent practices in NLP fairness research, where referring expressions are very commonly

used as proxies for sociodemographic categories such as gender. Is such work still

valid under the criticisms from outside of NLP? Research question 2 seeks to apply the

theoretical arguments of research question 1 to an empirical context, to quantify the

impact of conflating pronouns and social gender when measuring stereotypical biases.

Work in this area has fallen into similar patterns of simplification, and also does not

disentangle bad performance from stereotypically biased performance.

Moving to faithful processing of referring expressions, research question 3 builds

on the previous question and asks whether language models can overcome their stereo-

typical biases about reference in context, and choose the correct referring expression

for someone. Finally, research question 4 probes this further, asking whether good

performance in this context is due to true “reasoning” about reference, or just shallow

copying, towards accurately representing language model capabilities when it comes to

reference.
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1.3 Contributions

This thesis takes a critical look at current practices in studying the processing of

English referring expressions, by systematically addressing the research questions

outlined above. Chapters 4 and 5 present theoretical limitations of using referring

expressions as a proxy for categories of interest (RQ1), as well as recommendations for

how to mitigate these limitations; specifically, Chapter 4 focuses on names as a proxy

for sociodemographic categories such as gender and race, while Chapter 5 examines

the use of third-person pronouns in English as a proxy for social gender. The latter

chapter also tests these theoretical arguments empirically, in the context of measuring

stereotypical biases in systems for coreference resolution (RQ2). To this end, this

chapter also contributes a new dataset and an evaluation procedure that disentangles

bad performance from stereotypically biased performance, two factors which have been

conflated in prior work.

Chapters 6 and 7 pivot to how language models use referring expressions to do

reference successfully, overcoming any stereotypical biases they might have (RQ3).

This is measured with a new task, called pronoun fidelity, and a new dataset to measure

it. While Chapter 6 considers a simple version of pronoun fidelity for just one referent,

Chapter 7 attempts to disentangle whether good performance happens due to true

“reasoning” about reference, or simply shallow repetition of pronouns (RQ4). We

accomplish this by using a setting with two distinct referents, making the choice of the

appropriate referring expression more challenging for language models.

The main content of this thesis is based on the following three publications:

Vagrant Gautam, Arjun Subramonian, Anne Lauscher, and Os Keyes (Aug. 2024c).

“Stop! In the Name of Flaws: Disentangling Personal Names and Sociodemographic

Attributes in NLP.” In: Proceedings of the 5th Workshop on Gender Bias in Natural

Language Processing (GeBNLP). Ed. by Agnieszka Faleska, Christine Basta, Marta

Costa-jussà, Seraphina Goldfarb-Tarrant, and Debora Nozza. Bangkok, Thailand: Asso-
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ciation for Computational Linguistics, pp. 323–337. DOI: 10.18653/v1/2024.gebnlp-

1.20. URL: https://aclanthology.org/2024.gebnlp-1.20/

Vagrant Gautam, Julius Steuer, Eileen Bingert, Ray Johns, Anne Lauscher, and Dietrich

Klakow (Nov. 2024b). “WinoPron: Revisiting English Winogender Schemas for Consis-

tency, Coverage, and Grammatical Case.” In: Proceedings of The Seventh Workshop on

Computational Models of Reference, Anaphora and Coreference. Ed. by Maciej Ogrod-

niczuk, Anna Nedoluzhko, Massimo Poesio, Sameer Pradhan, and Vincent Ng. Miami:

Association for Computational Linguistics, pp. 52–66. DOI: 10.18653/v1/2024.crac-1.6.

URL: https://aclanthology.org/2024.crac-1.6/

Vagrant Gautam, Eileen Bingert, Dawei Zhu, Anne Lauscher, and Dietrich Klakow

(Dec. 2024a). “Robust Pronoun Fidelity with English LLMs: Are they Reasoning,

Repeating, or Just Biased?” In: Transactions of the Association for Computational

Linguistics 12, pp. 1755–1779. ISSN: 2307-387X. DOI: 10.1162/tacl_a_00719. URL:

https://doi.org/10.1162/tacl_a_00719

1.4 Outline

Although my thesis focuses on fair and faithful processing of English referring ex-

pressions, this is but one part of my broader research program on trustworthy natural

language processing. I begin in Chapter 2 with an overview of nine other papers and

pre-prints completed during the course of my PhD towards this goal. Then I provide

brief background on reference, fairness, and faithfulness for the rest of this thesis in

Chapter 3. Chapters 4-7 represent the main content of this thesis, followed by a broad

outlook on future work in Chapter 8, before I conclude.

https://doi.org/10.18653/v1/2024.gebnlp-1.20
https://doi.org/10.18653/v1/2024.gebnlp-1.20
https://aclanthology.org/2024.gebnlp-1.20/
https://doi.org/10.18653/v1/2024.crac-1.6
https://aclanthology.org/2024.crac-1.6/
https://doi.org/10.1162/tacl_a_00719
https://doi.org/10.1162/tacl_a_00719
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1.5 Significance

The arguments presented in this thesis reveal significant problems with current use of

referring expressions as proxies for social categories of interest, current practices when

evaluating stereotypical biases, and evaluations of and claims about language model

“reasoning.” To address these problems, this thesis presents new recommendations,

datasets and metrics that future work can build on. The ubiquity of referring expressions

in different subareas of natural language processing makes these insights and resources

relevant to researchers and practitioners who work on fairness, reasoning, coreference

resolution, natural language generation, and computational linguistics.



2
Additional Papers

My broader research program has the goal of advancing the next generation of trustwor-

thy natural language processing systems and research. Under this broad umbrella, my

three focus areas are: Fairness, faithfulness, and meta-evaluation, in contexts beyond

referring expressions and English. To this end, my PhD work has resulted in nine papers

and pre-prints in addition to the three publications that are the primary focus of this

thesis. In this chapter, I provide an overview of my other work, before narrowing my

focus to fair and faithful processing of English referring expressions.

2.1 Fairness in NLP

I see fairness as a critical goal for NLP, and I define it as having NLP systems that

work for everyone and can handle sociolinguistic variation of many kinds. Within this

thesis, I focus on studying gender fairness in systems and societies, which is frequently

quantified through the use of referring expressions. Specifically, I question the use

of names and pronouns as proxies for gender in Chapters 4 and 5, on theoretical and

empirical grounds. Additionally, I study stereotypical biases and extrinsic harms in

Chapters 5, 6 and 7.

My thesis work is reflective of a broader tendency in fairness literature to focus

on English, single-axis stereotypical biases, and demographic characteristics such as

gender and race. Despite this, I have a wide view of fairness that includes inter-language

7
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variation as well. Other work from my PhD reflects this, and includes a critical review

of “intersectionality” in NLP and ML, an evaluation of multilingual country and gender

biases, and a study of language gaps in multilingual in-context learning.

Intersectionality. The critical framework of “intersectionality” examines how so-

cial inequalities persist structurally because of power. Given the goal of AI “fairness,”

intersectionality as an analytical framework is thus pivotal to operationalizing fairness.

Indeed, intersectionality is often invoked in studies of AI fairness and bias, particu-

larly when studying multiple intersecting demographic categories. We critically review

this literature (making this also something of a meta-evaluation paper), with deduc-

tive and inductive coding to map how the central tenets of intersectionality operate

within the paradigm of AI fairness, and to uncover gaps in the conceptualization and

operationalization of intersectionality. We find that researchers overwhelmingly re-

duce intersectionality to optimizing for fairness metrics over intersecting demographic

subgroups. They also fail to discuss their social context and when mentioning power,

they mostly situate it only within the AI pipeline, despite intersectionality explicitly

necessitating both inquiry and praxis. Finally, we outline and assess the implications of

these gaps for critical inquiry and praxis, and provide actionable recommendations for

AI fairness researchers to engage with intersectionality in their work by grounding it

in AI epistemology. My contributions to this paper were: Reviewing the literature on

intersectionality, collaboratively coming up with guiding questions for our inductive

and deductive coding, reading and annotating papers for the critical review, analyzing

our findings, and writing.

Anaelia Ovalle, Arjun Subramonian, Vagrant Gautam, Gilbert Gee, and Kai-Wei Chang

(2023b). “Factoring the Matrix of Domination: A Critical Review and Reimagination of

Intersectionality in AI Fairness.” In: Proceedings of the 2023 AAAI/ACM Conference on

AI, Ethics, and Society. AIES ’23. Montréal, QC, Canada: Association for Computing

Machinery, pp. 496–511. DOI: 10.1145/3600211.3604705. URL: https://doi.org/10.

1145/3600211.3604705

https://doi.org/10.1145/3600211.3604705
https://doi.org/10.1145/3600211.3604705
https://doi.org/10.1145/3600211.3604705
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Multilingual country-gender biases. Directly addressing the limitations of prior

work on stereotypical biases in NLP (single-axis bias, most often gender, intrinsic

bias, and a focus on English), we contribute the first study of multilingual intersecting

country and gender biases, with a focus on occupation recommendations generated by

large language models. We construct a benchmark of prompts in English, Spanish and

German, where the user requests job recommendations for a recently laid-off friend,

naturalistically incorporating the friend’s gender (indexed via four pronoun sets), country

of origin (25 options), and current country (five options). Then, we evaluate a suite of 5

LLAMA-based models on this benchmark, finding that LLMs encode significant gender

and country biases. Notably, we find that even when models show parity for gender

or country individually, intersectional1 occupational biases based on both country and

gender persist. We also show that the prompting language significantly affects bias

(with Spanish showing the least bias, possibly due to pronoun-dropping in Spanish

pre-training data), and instruction-tuned models consistently demonstrate the lowest

and most stable levels of bias. Our findings highlight the need for fairness researchers to

use intersectional and multilingual lenses in their work. My contributions to this work

were formal supervision, analysis, and writing.

Elisa Forcada Rodríguez, Olatz Perez-de-Vinaspre, Jon Ander Campos, Dietrich Klakow,

and Vagrant Gautam (Aug. 2025). “Colombian Waitresses y Jueces canadienses: Gender

and Country Biases in Occupation Recommendations from LLMs.” In: Proceedings

of the 6th Workshop on Gender Bias in Natural Language Processing (GeBNLP).

Ed. by Agnieszka Faleska, Christine Basta, Marta Costa-jussà, Karolina Staczak, and

Debora Nozza. Vienna, Austria: Association for Computational Linguistics, pp. 182–

194. ISBN: 979-8-89176-277-0. DOI: 10.18653/v1/2025.gebnlp-1.18. URL: https:

//aclanthology.org/2025.gebnlp-1.18/

Multilingual in-context learning. In-context learning is a popular inference strat-

egy where large language models solve a task using only a few labeled demonstrations

without needing any parameter updates. Although it is widely thought of as a way

1 Note that this is not intersectional in the same sense as the previous paper.

https://doi.org/10.18653/v1/2025.gebnlp-1.18
https://aclanthology.org/2025.gebnlp-1.18/
https://aclanthology.org/2025.gebnlp-1.18/
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to improve language model performance on a variety of tasks compared to zero-shot

learning, this view is primarily based on extensive studies on English in-context learn-

ing. In contrast, multilingual in-context learning remains under-explored, and we lack

an in-depth understanding of the role of demonstrations in this context. To address

this gap, we conduct a multidimensional analysis of multilingual in-context learning,

experimenting with 5 models from different model families, 9 datasets covering clas-

sification and generation tasks, and 56 typologically diverse written languages. Our

results reveal that the effectiveness of demonstrations varies significantly across models,

tasks, and languages, and few-shot learning sometimes even worsens performance

compared to zero-shot learning on a variety of non-English languages. However, strong

instruction-following models including LLAMA 2-CHAT, GPT-3.5, and GPT-4 are

largely insensitive to the quality of demonstrations. Here, a carefully crafted template

often eliminates the benefits of demonstrations for some tasks and languages altogether.

These findings show that the importance of demonstrations might be overestimated. Our

work highlights the need for granular evaluation across multiple axes towards a better

understanding of in-context learning. I contributed to this work by playing an advisory

role throughout the project, analyzing data and results, and writing.

Miaoran Zhang, Vagrant Gautam, Mingyang Wang, Jesujoba Alabi, Xiaoyu Shen,

Dietrich Klakow, and Marius Mosbach (Aug. 2024). “The Impact of Demonstrations

on Multilingual In-Context Learning: A Multidimensional Analysis.” In: Findings

of the Association for Computational Linguistics: ACL 2024. Ed. by Lun-Wei Ku,

Andre Martins, and Vivek Srikumar. Bangkok, Thailand: Association for Computational

Linguistics, pp. 7342–7371. DOI: 10.18653/v1/2024.findings-acl.438. URL: https:

//aclanthology.org/2024.findings-acl.438/

2.2 Faithfulness in NLP

A second important goal for NLP is faithfulness, of which I see two related components:

Having NLP systems that are faithful to facts and input, as well as having a faithful

https://doi.org/10.18653/v1/2024.findings-acl.438
https://aclanthology.org/2024.findings-acl.438/
https://aclanthology.org/2024.findings-acl.438/
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mechanistic understanding of how they work. Both qualities are particularly consequen-

tial given how widely large language models are used today. In this thesis, I focus on

the former criterion, i.e., faithfulness to the use of referring expressions in input, i.e.,

pronoun fidelity with one referent (Chapter 6) and with two referents (Chapter 7).

I have also previously worked on faithfulness to context in question answering

systems. In addition, I see it as a critical goal for the future of NLP to have a faithful

understanding of the inner workings of NLP systems. Towards achieving this, I have

proposed a new method for probing that unites behavioural and model-internal perspec-

tives on toxic generations, and shown that cross-modal transfer methods for LLMs are

unfaithful to their purported reasons for working.

Faithful question answering. If a question cannot be answered with the available

information, robust systems for question answering (QA) should know not to answer. In

the context of extractive QA, one way to build models that do this is to train them with

both answerable questions (i.e., questions that can be answered with a given text) as

well as unanswerable ones (i.e., questions that cannot be answered with a given text, to

provide a negative signal). As many datasets of answerable questions exist, the focus of

prior work has been to create unanswerable questions, either by employing annotators

or through automated LLM-based methods for unanswerable question generation. We

propose a simpler data augmentation method for unanswerable question generation in

English: Performing antonym and entity swaps on answerable questions. Our method

is built on a pipeline of traditional computational linguistics approaches like part-of-

speech tagging, WordNets and named entity recognition, and our results show that

the complexity of existing automated approaches is not justified. Compared to the

prior state-of-the-art, data generated with our training-free and lightweight strategy has

higher human-judged relatedness and readability, and results in better models (+1.6 F1

points on SQuAD 2.0 data with BERT-LARGE). We quantify the raw benefits of our

approach compared to no augmentation across multiple encoder models, using different

amounts of generated data, and also on TydiQA-MinSpan data (+9.3 F1 points with

BERT-LARGE). In sum, our results establish swaps as a simple but strong baseline
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for future work. I led this work, including conceptualization, building the pipeline to

generate unanswerable questions, performing analysis, and writing the paper.

Vagrant Gautam, Miaoran Zhang, and Dietrich Klakow (Dec. 2023). “A Lightweight

Method to Generate Unanswerable Questions in English.” In: Findings of the Associa-

tion for Computational Linguistics: EMNLP 2023. Ed. by Houda Bouamor, Juan Pino,

and Kalika Bali. Singapore: Association for Computational Linguistics, pp. 7349–7360.

DOI: 10.18653/v1/2023.findings-emnlp.491. URL: https://aclanthology.org/2023.

findings-emnlp.491/

Uniting model-internal and behavioural toxicity. Prior work studying language

model toxicity has taken either an exclusively behavioural perspective, i.e., how the

toxicity of input prompts affects the toxicity of language model generations, or focused

on how toxicity is encoded within model internals (e.g., through layer-wise probing). To

unify these two distinct perspectives, we introduce aligned probing, a novel interpretabil-

ity framework that aligns the behaviour of language models (based on their outputs)

and their internal representations (internals). Using this framework, we examine the

flow of toxicity from input, through model internals, to the output, in over 20 OLMO,

LLAMA, and MISTRAL models. Our results show that LMs strongly encode information

about the toxicity level of inputs and subsequent outputs, particularly in lower layers.

Focusing on how unique LMs differ offers both correlative and causal evidence that

when models “know” more about the input toxicity (i.e., more strongly encode this

information in their representations), they generate less toxic output. We also highlight

the heterogeneity of toxicity, as model behavior and internals vary across different types

of toxicity, such as threats. Finally, with four case studies analyzing detoxification,

multi-prompt evaluations, model quantization, and pre-training dynamics, we underline

the practical impact of aligned probing. Our findings contribute to a more holistic

understanding of LMs, both within and beyond the context of toxicity. I played an

advisory role in this project, helping with conceptualization and paper writing.

https://doi.org/10.18653/v1/2023.findings-emnlp.491
https://aclanthology.org/2023.findings-emnlp.491/
https://aclanthology.org/2023.findings-emnlp.491/
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Andreas Waldis, Vagrant Gautam, Anne Lauscher, Dietrich Klakow, and Iryna Gurevych

(2025). Aligned Probing: Relating Toxic Behavior and Model Internals. arXiv: 2503.

13390 [cs.CL]. URL: https://arxiv.org/abs/2503.13390

Cross-modal transfer of LLMs. Although language models are, as the name sug-

gests, trained and typically used for tasks involving natural language, recent work has

shown that adapting them to new non-language modalities shows promising results and

better performance than training dedicated neural networks from scratch. These new

modalities include partial differential equations, satellite image time series, electrocar-

diogram recordings, and more. ORCA is one such recent technique for cross-modal

transfer of pre-trained transformer models, which consists primarily of training an

embedder, and subsequently fine-tuning both the embedder and model on task data.

Despite its high performance on a variety of downstream tasks, we do not understand

precisely how each of these components contributes to ORCA’s success. Therefore, we

run a series of ablation studies and find that embedder training does not help 2D (i.e.,

matrix-style input) tasks at all, contrary to what the original paper posits. In 1D (i.e.,

sequence-style) tasks, some amount of embedder training is necessary but more is not

better. In 4 out of 6 datasets we experiment with, it is model fine-tuning that makes the

biggest difference. Through our ablations and baselines, we contribute a better under-

standing of the individual components of ORCA. I co-led this project, conceptualizing

the research, visualizing and analyzing the results, and writing the paper.

Paloma García-de-Herreros, Vagrant Gautam, Philipp Slusallek, Dietrich Klakow, and

Marius Mosbach (June 2024). “What explains the success of cross-modal fine-tuning

with ORCA?” In: Proceedings of the Fifth Workshop on Insights from Negative Results

in NLP. Ed. by Shabnam Tafreshi, Arjun Akula, João Sedoc, Aleksandr Drozd, Anna

Rogers, and Anna Rumshisky. Mexico City, Mexico: Association for Computational

Linguistics, pp. 8–16. DOI: 10.18653/v1/2024.insights-1.2. URL: https://aclantholog

y.org/2024.insights-1.2/

https://arxiv.org/abs/2503.13390
https://arxiv.org/abs/2503.13390
https://arxiv.org/abs/2503.13390
https://doi.org/10.18653/v1/2024.insights-1.2
https://aclanthology.org/2024.insights-1.2/
https://aclanthology.org/2024.insights-1.2/
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2.3 Meta-Evaluation

One of the challenges of NLP research in 2025 is that people use NLP systems in

a variety of creative ways that we may not be directly evaluating. We come up with

“tasks” that are meant to formalize these human uses, we create datasets of examples, and

metrics to help us automatically evaluate systems at scale. However, every step of this

process can introduce gaps between what we want to measure and what we are actually

measuring. This is why I believe meta-evaluation to be of critical importance in NLP,

also to reduce the gaps we introduce during conceptualization and operationalization,

and to have valid and reliable research practices when we work with NLP systems and

do research on them.

The work described in this thesis makes important contributions to this area, e.g.,

Chapter 7 shows that system reasoning about pronouns can be overestimated without

the more realistic multi-person setting, Chapter 5 demonstrates empirical issues with

a widespread conflation of pronoun forms with social gender, and Chapter 4 provides

concrete guidelines towards valid use of names in sociodemographic research.

In other work during my PhD, I have interrogated the use and impact of other

trustworthy NLP concepts, such as misgendering, democracy, interpretability, and

intersectionality. As such concepts have been studied for much longer and with a

variety of methods in other disciplines, I embrace interdisciplinarity and methodological

pluralism when I study them in the NLP context, using definitions from relevant

disciplines and flexibly choosing the best methods (whether quantitative, qualitative, or

a mixture).

Meta-evaluation of misgendering. Misgendering, a harm that is particularly rele-

vant to trans individuals, has only recently begun to be studied in NLP fairness, and there

is a lack of consensus on how to evaluate it. Numerous methods have been proposed to

measure LLM misgendering, including probability-based evaluations (e.g., automati-

cally with templatic sentences) and generation-based evaluations (e.g., with automatic

heuristics or human validation). However, it has gone unexamined whether these evalua-
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tion methods have convergent validity, that is, whether their results align. Therefore, we

conduct a systematic meta-evaluation of these methods across three existing datasets for

LLM misgendering (including the RUFF dataset I introduce in Chapter 6). We propose

a method to transform each dataset to enable parallel probability- and generation-based

evaluation. Then, by automatically evaluating a suite of 6 models from 3 families, we

find that these methods can disagree with each other at the instance, dataset, and model

levels, conflicting on 20.2% of evaluation instances. Finally, with a human evaluation of

2400 LLM generations, we show that misgendering behaviour is complex and goes far

beyond pronouns, which automatic evaluations are not currently designed to capture,

suggesting essential disagreement with human evaluations. Based on our findings, we

provide recommendations for future evaluations of LLM misgendering. Our results are

also more widely relevant, as they call into question broader methodological conventions

in LLM evaluation, which often assume that different evaluation methods agree. My

contributions to this project were research conceptualization, data annotation, analysis

and visualizations, and paper writing.

Arjun Subramonian, Vagrant Gautam, Preethi Seshadri, Dietrich Klakow, Kai-Wei

Chang, and Yizhou Sun (2025). “Agree to Disagree? A Meta-Evaluation of LLM

Misgendering.” In: Second Conference on Language Modeling. URL: https://openrevi

ew.net/forum?id=vgmiRvpCLA

Understanding “democratization”. Recent improvements in NLP and machine

learning and increased mainstream adoption have led to researchers frequently dis-

cussing the “democratization” of artificial intelligence. In this paper, we seek to clarify

how democratization is understood in NLP and ML publications, through large-scale

mixed-methods analyses of papers using the keyword “democra*” published in NLP

and adjacent venues. We find that democratization is most frequently used to convey

(ease of) access to or use of technologies, without meaningfully engaging with theories

of democratization, while research using other invocations of “democra*” tends to

be grounded in theories of deliberation and debate. Overall, our conceptual analysis

shows that democratization is mostly used as a buzzword instead of drawing from the

https://openreview.net/forum?id=vgmiRvpCLA
https://openreview.net/forum?id=vgmiRvpCLA
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3000+ years of thought on democracy and democratization. Based on our findings, we

call for researchers to enrich their use of the term democratization with appropriate

theory, towards democratic technologies beyond superficial access. I co-led this project,

including conceptualization, data annotation, analysis and visualizations, and writing.

Arjun Subramonian, Vagrant Gautam, Dietrich Klakow, and Zeerak Talat (Nov. 2024).

“Understanding Democratization in NLP and ML Research.” In: Proceedings of the

2024 Conference on Empirical Methods in Natural Language Processing. Ed. by Yaser

Al-Onaizan, Mohit Bansal, and Yun-Nung Chen. Miami, Florida, USA: Association for

Computational Linguistics, pp. 3151–3166. DOI: 10.18653/v1/2024.emnlp-main.184.

URL: https://aclanthology.org/2024.emnlp-main.184/

Quantifying the impact of interpretability and analysis work. Interpretability

and analysis (IA) research is a growing subfield within NLP with the goal of devel-

oping a deeper understanding of the behaviour or inner workings of NLP systems

and methods. Such work purports to build trust in NLP systems by contributing a

mechanistic understanding of them, explaining their predictions, and improving their

faithfulness. Despite growing interest in the subfield, a criticism of this work is that it

lacks actionable insights and therefore has little impact on NLP. In this paper, we seek

to quantify the impact of IA research on the broader field of NLP. We approach this with

a mixed-methods analysis of: (1) A citation graph of 185K+ papers built from all papers

published at ACL and EMNLP conferences from 2018 to 2023, and their references

and citations, and (2) a survey of 138 members of the NLP community. Our quantitative

results show that IA work is well-cited outside of IA, and central in the NLP citation

graph. Through qualitative analysis of survey responses and manual annotation of 556

papers, we find that NLP researchers build on findings from IA work and perceive it

as important for progress in NLP and multiple subfields. Researchers also rely on its

findings and terminology for their own work. Many novel methods are proposed based

on IA findings and highly influenced by them, but highly influential non-IA work cites

IA findings without being driven by them. We end by summarizing what is missing in

IA work today and provide a call to action to make IA research more impactful with

https://doi.org/10.18653/v1/2024.emnlp-main.184
https://aclanthology.org/2024.emnlp-main.184/
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big-picture thinking, actionable insights, human-centered evaluations, and standardized

methods. In this project, I led the manual annotation effort, and helped with analysis

and writing.

Marius Mosbach, Vagrant Gautam, Tomás Vergara Browne, Dietrich Klakow, and

Mor Geva (Nov. 2024). “From Insights to Actions: The Impact of Interpretability and

Analysis Research on NLP.” In: Proceedings of the 2024 Conference on Empirical

Methods in Natural Language Processing. Ed. by Yaser Al-Onaizan, Mohit Bansal,

and Yun-Nung Chen. Miami, Florida, USA: Association for Computational Linguistics,

pp. 3078–3105. DOI: 10.18653/v1/2024.emnlp-main.181. URL: https://aclanthology.

org/2024.emnlp-main.181/

2.4 Conclusion

With these nine additional papers, I have contributed broadly to research on trustworthy

natural language processing during my PhD. I have addressed aspects of fairness

(intersectional and multilingual fairness, as well as democracy and misgendering in

NLP) and faithfulness (interpretability and analysis in the context of question answering,

toxicity, and cross-modal transfer) that go far beyond my focus on English referring

expressions in the rest of this thesis.

https://doi.org/10.18653/v1/2024.emnlp-main.181
https://aclanthology.org/2024.emnlp-main.181/
https://aclanthology.org/2024.emnlp-main.181/




3
Background

This chapter briefly introduces the definitions, concepts, and techniques central to the

research in this thesis. I begin with reference, fairness, and faithfulness, the concepts

mentioned in the title of this thesis. Finally, I provide background on the two main NLP

tasks that I consider: Coreference resolution and language modelling.

3.1 Reference

Reference is notoriously hard to pin down, and there are different definitions among

philosophers, linguists, and psychologists (Russell, 1905; Strawson, 1950; Donnellan,

1966; Gundel and Abbott, 2019). Thankfully, they all agree on the prototypical form

of reference, i.e., an expression that uniquely denotes a single specific individual.

Strawson’s (1950) examples of these are: Names, personal pronouns, and definite

descriptions.

Another important theoretical distinction is whether reference is treated as a

semantic phenomenon, i.e., something that expressions do, or a pragmatic one, i.e.,

something that language users do with expressions (Abbott, 2010). One way of viewing

reference as a pragmatic phenomenon is to frame it as a speech act, which helps us

account for when one mistakes a person in the distance for one’s friend (Gundel and

Abbott, 2019). While this can be very useful, I do not wish to equate NLP systems with

language users that have pragmatic intentions, and I thus follow common practice in

19
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NLP with my focus on referring expressions as semantic relations between linguistic

forms and people.

In this thesis, I focus on the three prototypical classes of referring expressions,

which I elaborate on below. While I continue to touch on some theoretical views on

reference where relevant, I use theory as a starting point in considering NLP research

and practice, which tends to be mostly applied and empirical.

3.1.1 Personal Names

Personal names are proper nouns used to identify individual people (Hough, 2016).

They are hotly contested in theoretical discussions of reference, with arguments that

they are purely denotational (i.e., used exclusively to denote their referent), and that

they also have connotations and lexical meaning (Abbott, 2010; Hough, 2016). Their

denotational meaning is transparent in examples such as the following:

(1) Justin Trudeau is Pierre Trudeau’s son.

Most work on names in reference tends to take famous people as examples as above,

but in this thesis, we concern ourselves with names in a broader sense. As Pelczar and

Rainsbury (1998) observe, referring expressions like John and he seem to appeal to a

“natural” feature, that of a “salient male,” independently of any context. It is precisely

this kind of gendered association that is exploited in NLP research, where personal

names are sometimes used not just as traditional referring expressions that map to

specific individuals, but rather as linguistic forms that index a particular gender (Karimi

et al., 2016; Asr et al., 2021, inter alia).

(2) a. Madeleine is petting a dog.

b. Julius is petting a cat.

c. Rain has a pet snake.
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In Example (2), Madeleine is often used to index female-ness, while Julius is male-typed

and Rain may not even be recognized as a name, regardless of the real-life gender of

the referents, the bearers of these names. In Chapter 4, we highlight failures that can

come from this dual character of personal names as designators that also have indexical

characteristics (Pelczar and Rainsbury, 1998; Kosse, 2021).

3.1.2 Pronouns

Pronouns are expressions that can stand in for a noun or noun phrase. In this thesis, we

focus on personal pronouns that are linked to a referent in the context, an antecedent, as

shown below. This referential use of personal pronouns is broadly known as anaphora.1

(3) a. Michaeli said that hei had already made rhubarb ice cream.

b. [The Scottish poet]i had written about theiri cats.

The pronouns I consider in this thesis are in fact an even narrower subset of referential

personal pronouns, namely, third-person singular animate pronouns in English. These

are sometimes treated as a closed class, consisting of he/him/his, she/her/her, and

sometimes singular they/them/their, depending on which linguists you ask, all of which

I consider in this thesis. There is also some evidence that they should instead be treated

as an open class, given corpus linguistic and historical evidence of diverse and novel

pronoun phenomena (McGaughey, 2020; Lauscher et al., 2022). As one example of

how NLP systems handle this, I include xe/xem/xyr pronouns in my analyses as well.

What is particularly interesting about this subset of English pronouns is that they

mark grammatical gender, which is thought to directly index the referent’s social gender.

Once again, as with personal names, this assumption is used in NLP to create one-

to-one mappings between personal pronouns and social gender. However, as work

1 Confusingly, this is distinct from the use of “anaphor” in binding theory, which applies only to

reflexive (himself ) and reciprocal (each other) pronouns, neither of which I consider in this thesis.

Another phenomenon which is highly relevant for binding theory but that I do not touch on is variable

pronouns, e.g., “Every lawyer made their case successfully” (Han and Moulton, 2022).
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in sociolinguistics and semiotics has pointed out (Ochs, 1992; Conrod, 2018), the

way people use pronouns for other people is far more complex, with elements of

performativity (Butler, 1988), play (Rudes and Healy, 1979), and politeness (Tovar,

2025). Inspired by this line of work in linguistics, Chapter 5 attempts to sever the

assumed one-to-one connection between pronouns and social gender in the NLP context,

cf. Bolukbasi et al. (2016) and Rudinger et al. (2018), inter alia. I do this by examining

pronominal biases in their own right, independent of social gender biases. Using this

newer definition of pronominal bias, I examine how NLP systems process referential

pronouns; Chapter 5 examines how they resolve pronominal reference, while Chapters

6 and 7 consider how they do pronominal reference.

3.1.3 Definite Descriptions

Definite descriptions are noun phrases with the as the determiner, which typically refer

to a specific individual, as shown in the examples below (Abbott, 2006).

(4) a. The footballer also liked to bake and do CrossFit.

b. The phonologist and the artist wanted to move to Glasgow together.

In this thesis, we sidestep theoretical debates on reference in this context (Donnellan,

1966; Prince, 1992, inter alia) as we only use definite descriptions to aid our analysis of

resolving and doing pronominal reference in NLP. In particular, we focus on definite

descriptions of occupations (the surgeon, the nurse, etc.) to elicit reasoning and gendered

stereotypes in coreference resolution and language modelling with pronouns. Such

stereotypes have also been shown in coreference resolution by humans, with eye-

tracking (Pyykkönen et al., 2010), reading times (Kennison and Trofe, 2003), event-

related brain potentials (Osterhout et al., 1997), and production studies (Boyce et al.,

2018; Boyce et al., 2019; Morehouse et al., 2022). Definite descriptions also have a

long history of being used to probe stereotypes in NLP, as in Rudinger et al. (2018) and

Zhao et al. (2018).
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3.2 Fairness in NLP

Work on fairness in NLP is about measuring and mitigating biases, stereotyping, discrim-

ination, and other harms via language (Gallegos et al., 2024). This includes studying

these phenomena in NLP systems as well as in society. The former involves studying

fairness in specific NLP tasks, such as coreference resolution (Rudinger et al., 2018;

Cao and Daumé III, 2021) and natural language generation (Kotek et al., 2023; Ovalle

et al., 2023a), as in this thesis; the latter involves analyzing society through language,

studying biases in academia (Vogel and Jurafsky, 2012; Mohammad, 2020) and in media

representation (Asr et al., 2021; Bamman et al., 2024), among others.

The overarching goal of such work is “fairness,” which is variously defined as

parity or as equity, usually between social groups (defined along gendered, racial, or

linguistic lines), and sometimes also at the level of the individual (Gallegos et al., 2024).

Beyond this diversity in how one actually defines fairness as a goal and measures

it (Jacobs and Wallach, 2021), some critical work has also noted a lack of consensus

on what behaviours qualify as harms, to whom, and why (Selbst et al., 2019; Blodgett

et al., 2020), problems with how stereotypes are defined and measured (Blodgett et al.,

2021), and how definitions of fairness rest on contested classifications (Field et al., 2021;

Weinberg, 2022). These critiques inform Chapters 4 and 5, which critically question

how names and pronouns are (and should be) used in fairness research.

In addition to these more theoretical arguments, empirical research has also ques-

tioned how fairness is measured. Broadly, measurements of fairness can be classified

as either intrinsic or extrinsic. Intrinsic metrics look at system-internal associations,

such as between surgeons and the pronoun he, while extrinsic metrics evaluate down-

stream harms in applications of these systems, such as errors and differences in quality

of service. Empirical meta-evaluations of fairness include work showing that tem-

platic probability-based evaluations of intrinsic biases are brittle (Seshadri et al., 2022;

Goldfarb-Tarrant et al., 2023; Selvam et al., 2023), and that intrinsic biases do not

correlate with extrinsic biases (Goldfarb-Tarrant et al., 2021; Cao et al., 2022). My work

in Chapter 5 similarly demonstrates the empirical problems that arise from treating
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all pronouns of a certain grammatical gender as equivalent when it comes to measur-

ing social gender biases, Chapter 6 proposes an extrinsic evaluation of the harm of

misgendering, and Chapter 7 further investigates the robustness of this measure.

3.3 Faithfulness in NLP

In contrast to fairness, faithfulness is not a clearly-defined subfield of NLP with a dedi-

cated research community. Faithfulness is instead a desideratum of several domains of

NLP, including interpretability/explainability, machine translation and summarization,

where it means different things. When interpreting and explaining NLP systems, we

seek faithful methods that accurately represent the reasoning process within the system

(Jacovi and Goldberg, 2020). Faithfulness is an important consideration regardless of

whether we use attention mechanisms (Jain and Wallace, 2019; Wiegreffe and Pinter,

2019), saliency methods (Bastings and Filippova, 2020), or system-generated reasoning

chains in natural language (Turpin et al., 2023). On the other hand, in the context of

machine translation and summarization, faithfulness refers to the property of creat-

ing a target text that is consistent with the source, in content (Maynez et al., 2020),

style (Genzel et al., 2010), and the experience of reading a text (Jones and Irvine, 2013).

In this thesis, I consider the latter kind of faithfulness and not the former, i.e.,

faithful use of referring expressions means using them to point to individuals in a

manner that is consistent with provided information. In Chapter 5, I use this definition

of faithfulness to propose a novel metric for isolating bias in coreference resolution.

Measuring faithful reuse of a specified pronoun for someone introduced with a definite

description is the focus on Chapter 6, and Chapter 7 probes whether successful reuse

is due to faithful reasoning, or simply shallow repetition. The work in this thesis does

not attempt to interpret or explain system-internal processing of referring expressions,

although this is a fruitful area for future work, as I describe in Chapter 8.
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3.4 Coreference Resolution

Coreference resolution is the NLP task of identifying which surface forms in text refer

to the same entity, i.e., which surface forms corefer. In Example (5), we see how names,

definite descriptions, and personal pronouns can all refer to the same entity.

(5) [The machine learning professor]i, Vladi, wanted [hisi students]j to test all of

theirj code.

We also see how text spans referring to an entity can overlap with each other (note the

two indices within the span his students). Due to the complexity of the task, coreference

resolution has been formulated in a number of ways: Span-based approaches treat

the task as a two-step problem of detecting spans that are likely to be mentions, and

subsequently linking them (Lee et al., 2017; Joshi et al., 2020; Otmazgin et al., 2023).

The same general steps are swapped in order in word-level approaches, where coref-

erence resolution is formulated as a two-step problem of computing coreference links

between words, and then reconstructing the spans (Dobrovolskii, 2021; D’Oosterlinck

et al., 2023). In contrast to the above approaches, autoregressive approaches tailored

for coreference resolution involve multiple forward passes to build a coreference struc-

ture (Bohnet et al., 2023; Liu et al., 2022). Finally, it is also possible to simply prompt

generative language models in natural language to perform coreference resolution (Xu

et al., 2023; Gan et al., 2024). In Chapter 5, we use all of these approaches except for

autoregressive approaches, which are particularly computationally expensive.

The complexity of coreference structures has also resulted in a range of specialized

metrics and multi-component evaluations, surveyed in Liu et al. (2023). However, this

thesis examines a specialized and simple version of coreference resolution inspired by

Winograd Schemas (Levesque et al., 2012) and Winogender Schemas (Rudinger et al.,

2018). These schemas, explained in detail in Chapter 5, always contain one pronoun

and two non-overlapping candidate antecedents, only one of which is correct in context.

In Liu et al. (2023), this specialized version is known as a “gold-two-mention problem,”
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and is typically evaluated with more widely used metrics such as accuracy, precision,

recall and F1, as described below.

3.4.1 Evaluation

The following sentence is an example from Winogender Schemas, to illustrate how

scoring works with each of the performance metrics we consider:

(6) The cashieri told the customerj that herj card was declined.

In the above example, there are three entity mentions–the cashier, the customer, and

her. We are interested in all expressions that co-refer with the pronoun her, which we

can extract and normalize regardless of the coreference resolution approach that is used.

Based on the scenario described about a card being declined, it is only the customer

whose card could be declined, and not the cashier. Thus, to achieve a correct score on

this example, a coreference resolution system needs to map her to the customer, and it

must also not map her to the cashier. These are, respectively, a true positive (TP) and

a true negative (TN). Any time that a coreference resolution system maps her to the

cashier in this context, this is a false positive (FP), and similarly, when it does not map

her to the customer, this is a false negative (FN). Given these definitions, we compute:

Accuracy =
TP + TN

TP + FP + TN + FN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2
precision · recall
precision + recall
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3.5 Language Modelling

Language modelling involves creating computational models of natural language and

has long been a pursuit of NLP. The history of language modelling includes rule-based

models (e.g., formal grammars), statistical models estimated from corpora (e.g., n-gram

models), and neural network-based approaches. In this thesis, we focus on the latest

instance of the latter, transformer-based language models (Vaswani et al., 2017), as

they have been the predominant style of language model since 2018. Specifically we

consider three types: Encoder-only, decoder-only and encoder-decoder models.

Although language models can vary a lot architecturally, fundamentally, they are

all probabilistic models of language. This means that a good language model tends to

assign higher probabilities to valid sequences in the language, and lower probabilities to

invalid ones. This fact is used in probability-based evaluations with minimal pair data,

where one item of the pair is valid and the other is invalid. The language model gets

the pair right if it assigns a higher probability to the valid item, and is wrong otherwise.

These binary scores can be aggregated across a full dataset of such minimal pairs or

minimal sets to give a final percentage accuracy on the entire dataset. Probability-based

evaluations on minimal pair/set data is used to target performance on syntax (Warstadt

et al., 2020), world knowledge (Ivanova et al., 2024), bias (Kurita et al., 2019), and

more. In the context of this thesis, I use probability-based evaluations with minimal sets

that vary in whether or not reference is performed correctly.

Language models can also be used to generate text, by sampling from the proba-

bility distribution they model. Generation-based evaluations involve using language

models to generate text and then either automatically or manually evaluating the genera-

tions. Increasingly, with the advent of models that are specialized to follow instructions

or natural language prompts, such evaluations involve prompting the model to do a

certain task. Although prompting is brittle (Sclar et al., 2024; Mizrahi et al., 2024) and

is not a substitute for directly measuring language model probabilities (Hu and Levy,

2023; Hu and Frank, 2024), I also use generation-based evaluations in this thesis for

some models that are tuned to be used like this. Generation-based evaluations also allow
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us to use “reasoning” techniques, such as chain-of-thought (Wei et al., 2022), where a

language model generates additional text that it can condition its final answer on.

3.5.1 Encoder-Only Language Models

Encoder-only models such as BERT (Devlin et al., 2019), ALBERT (Lan et al., 2020),

and ROBERTA (Liu et al., 2019) consist of only the encoder component of the original

transformer architecture. All of these models are pre-trained with a masked languaged

modelling objective, i.e., prediction of tokens in a sequence that have been randomly

replaced with special [MASK] tokens. ROBERTA is additionally pre-trained on next

sentence prediction, i.e., classifying whether or not one sentence should follow an-

other in a text, to encourage reasoning about sentence-level relationships. This training

objective was later found to be ineffective and was replaced with a sentence order

prediction loss when training ALBERT. Encoder-only models are typically used with

probability-based evaluations, as described below. Although generation-based evalua-

tion of encoder-only models has been shown to be possible (Wang and Cho, 2019), this

is not a method that is used in practice, including in this thesis.

Probability-based evaluation. For probability-based evaluations with encoder-

only models, we compute pseudo log likelihood scores on minimal pairs or minimal

sets of sequences (Salazar et al., 2020; Kauf and Ivanova, 2023). This method relies

on these models’ masked language modelling abilities, and we use it in Chapters 6

and 7. Formally, assume a sequence of tokens S := w1, w2, w3, ..., wN , of length N .

We make N copies of S, where each Si is identical to S except that wi is replaced

with [MASK]. We feed each Si to an encoder-only language model M , allowing us to

obtain logPM([MASK] = wi|Si). Our final pseudo log probability score is obtained by

summing together the log probabilities for each Si:

N∑
i

logPM([MASK] = wi|Si)
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3.5.2 Decoder-Only Language Models

In contrast to encoder-only models, decoder-only models such as OPT (Zhang et al.,

2022), PYTHIA (Biderman et al., 2023), and LLAMA (Touvron et al., 2023) only use the

decoder component of the transformer. These models are pre-trained on large corpora

to predict the next token (Radford et al., 2018), because of which they are also known

as autoregressive language models. In addition to these base models, we also use chat

models that have been post-trained to optimize them for dialogue. Approaches for post-

training can vary significantly, but LLAMA 2-CHAT, the only chat model we consider

in this thesis, is post-trained with supervised instruction tuning and reinforcement

learning from human feedback (Touvron et al., 2023). We use decoder-only models

with probability- and generation-based evaluations in Chapters 6 and 7.

Probability-based evaluation. For probability-based evaluations with decoder-only

base models, we compute log likelihood scores on minimal pairs or sets of sequences, as

in previous work (Warstadt et al., 2020; Kauf and Ivanova, 2023). This method follows

directly from the pre-training objective of next word prediction. Formally, assume

a sequence of tokens S := w1, w2, w3, ..., wN , of length N . We feed the sequence

S to a decoder-only language model M , and for each token wi, we obtain the log

probability of predicting it given the left context, i.e., logPM(wi|w1, ..., wi−1). Our final

log probability score is obtained by summing together all of these log probabilities:

N∑
i

logPM(wi|w1, ...wi−1)

Generation-based evaluation. As chat models are optimized to follow instructions

in natural language, we use generation-based evaluations with them. This involves

providing a model with a natural language prompt, and then using it to generate some

number N of tokens conditioned on this prompt. The output of the model then needs to

be preprocessed and normalized to extract the final answer. N is generally determined

through experimentation, and we generally report a range of performance on multiple
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prompts, as recent work has shown that prompting is brittle and can lead to large

variance in results (Sclar et al., 2024; Mizrahi et al., 2024).

3.5.3 Encoder-Decoder Language Models

Encoder-decoder language models (also called sequence-to-sequence or seq2seq mod-

els) closely follow the original transformer architecture in having both an encoder and

a decoder component (Raffel et al., 2020). The encoder thus fully processes an input

sequence before beginning to causally decode the output sequence. A variety of tasks

(translation, question answering, and classification) can be cast to this input-output or

“text-to-text” format, which is used to train a generalist T5 model (Raffel et al., 2020).

The pre-training objective is a variant of masked language modelling where spans of

tokens are masked, rather than individual tokens. Thus, both probability-based evalua-

tions (i.e., by masking and predicting spans), as well as generation-based evaluations

(via prompting) are possible with this base model. In this thesis, however, we focus on a

variant of T5 known as FLAN-T5 (Chung et al., 2024), which is post-trained to follow

instructions through supervised fine-tuning. We thus use generation-based evaluations

for this model in Chapters 5, 6, and 7, just as we do with decoder-only chat models.

Generation-based evaluation. As FLAN-T5 is trained to follow instructions in

natural language, we use generation-based evaluations exactly as described for decoder-

only chat models above.



4
Disentangling Personal Names and

Sociodemographic Attributes

Personal names are an example of a cross-culturally universal type of referring expres-

sion that differentiates individuals, allowing us to refer to them individually. Simultane-

ously, and somewhat paradoxically, personal names also categorize people based on

sociodemographic characteristics that are important in a given society. Based on this,

the natural language processing community has associated personal names with sociode-

mographic characteristics like gender and race in a variety of tasks. However, these

works show varying degrees of critical engagement with the established methodological

problems of using names as a proxy for categories of interest. To guide future work in

NLP that uses names and sociodemographic characteristics, we provide an overview

of relevant research: First, we present an interdisciplinary background on names and

naming. We then survey the issues inherent to associating names with sociodemographic

attributes, covering problems of validity (e.g., systematic error, construct validity), as

well as ethical concerns (e.g., harms, differential impact, cultural insensitivity). Fi-

nally, we provide guiding questions along with normative recommendations to avoid

validity and ethical pitfalls, towards more fairly handling names and sociodemographic

characteristics in natural language processing.

The content in this chapter is based on:

Vagrant Gautam, Arjun Subramonian, Anne Lauscher, and Os Keyes (Aug. 2024c).

“Stop! In the Name of Flaws: Disentangling Personal Names and Sociodemographic

31
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Attributes in NLP.” In: Proceedings of the 5th Workshop on Gender Bias in Natural

Language Processing (GeBNLP). Ed. by Agnieszka Faleska, Christine Basta, Marta

Costa-jussà, Seraphina Goldfarb-Tarrant, and Debora Nozza. Bangkok, Thailand: Asso-

ciation for Computational Linguistics, pp. 323–337. DOI: 10.18653/v1/2024.gebnlp-

1.20. URL: https://aclanthology.org/2024.gebnlp-1.20/

Vagrant Gautam conceptualized the research and led the interdisciplinary literature

review and paper writing. Arjun Subramonian helped with reviewing the literature and

writing the paper. Os Keyes provided a philosopher’s perspective and, along with Anne

Lauscher, advised and gave feedback on the project.

4.1 Introduction

A person’s identity is a complex and paradoxical thing - it simultaneously identifies

someone’s uniqueness, allowing us to refer to them specifically, and categorizes them,

identifying what they have in common with others (Strawson, 1950; Strauss, 2017). A

perfect example of this phenomenon is a person’s name. Personal names are proper

nouns used to refer to individuals. They play an important distinguishing role in our lives,

as they let us refer to people directly in language, uniquely represent them mentally,

and underscore their significance as individuals (Jeshion, 2009). For these reasons,

personal names are a linguistic universal, i.e., they appear across languages and cultures,

although naming customs vary across the world (Hough, 2016).

But alongside differentiating people, names also categorize them in their society.

Names assigned to people often index, or point to, aspects of identity that are important

in the context of their society, including sex, religion, tribe, stage of life, etc. Personal

names are thus rich resources to understand the social organization of communities, and

have been studied across anthropology (Alford, 1987; Hough, 2016), sociology (Marx,

1999; Pilcher, 2017), linguistics (Allerton, 1987; Anderson, 2003), and onomastics

(Alvarez-Altman et al., 1987; Adams, 2009).

https://doi.org/10.18653/v1/2024.gebnlp-1.20
https://doi.org/10.18653/v1/2024.gebnlp-1.20
https://aclanthology.org/2024.gebnlp-1.20/
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Validity Issues

Ethical Issues

Errors not 
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Figure 4.1: Overview of the methodological issues (concerning validity and ethics) of the use

of personal names and sociodemographic characteristics in NLP.

In natural language processing (NLP) as well, personal names have a long history

of use—NLP researchers have worked on identifying and disambiguating uses of

personal names (Mann and Yarowsky, 2003; Minkov et al., 2005; Färber and Ao,

2022) and have examined name translation (Sennrich et al., 2016; Wang et al., 2022;

Sandoval et al., 2023) and name transliteration (Li et al., 2007; Benites et al., 2020;

Sälevä and Lignos, 2024). Increasingly, NLP researchers also use personal names

along with sociodemographic characteristics for passive analysis of media and scholarly

content (Vogel and Jurafsky, 2012; Knowles et al., 2016; Mohammad, 2020; Asr et

al., 2021), or to examine model biases and harms (Maudslay et al., 2019; Romanov

et al., 2019; Webster et al., 2021). However, these papers engage to varying degrees

with concerns that have been raised outside of NLP about the methodological validity

and ethics of associating names with sociodemographic characteristics. We argue that

neglecting these issues is a significant barrier to valid and respectful research, as well as

fair, inclusive NLP systems.

Thus, we contribute an overview of the issues with associating names with so-

ciodemographic attributes (focused on gender and race, two popular categories used in
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NLP research), as shown in Figure 4.1. We begin with background on names in other

fields (Section 4.2) and in NLP (Section 4.3), and lay out the problems with validity

(Section 4.4) and ethical concerns (Section 4.5) raised when associating personal names

with sociodemographic characteristics. Finally, we present guiding questions along with

normative recommendations (Section 4.6) to promote fairer use of names in future work

in the field.

4.2 Background: Names and Naming

Names are generally regarded as social phenomena that serve two central functions

that are sometimes in conflict: Differentiation and categorization of individuals (Al-

ford, 1987). Differentiation is important psychologically and semantically for us to

be able to directly refer to and mentally represent individuals, and names also serve

to underscore their referent’s significance as an individual (Jeshion, 2009). Catego-

rization, on the other hand, is important for the social organization of communities,

and naming conventions tend to reflect factors that are important to a community at

a given point in time, e.g., gender, religion, descent, transition to adulthood, and so

on (Hough, 2016). For instance, the practice of naming someone after their father or

grandfather—patronymic naming—was once common across Europe, and was popular

in Sweden until the nineteenth century (e.g., Samuelsson) and continues into Iceland

today (e.g., Gunnarsdóttir) (Hough, 2016). This example shows how names and naming

can only be understood in a specific (geographic, cultural, temporal) context, and even

then includes a lot of variation. As folk assumptions about names tend to overlook the

wide variation in names and naming (McKenzie, 2010), we present an overview of

naming as it relates to sociodemographic characteristics below.

Variation in societal conventions. The markers considered important to index in a

name vary widely across cultures. For example, almost all European naming systems and

indeed most societies across the world tend to assign sex-typed names (Hough, 2016),

while South Indian naming conventions often index caste (Meganathan, 2009). However,
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convention does not mean that every single individual is assigned a name that neatly

follows that convention, as shown by the long history of gender-ambiguous names in the

USA (Barry and Harper, 1982). Additionally, gendered associations for specific names

change over time (Barry and Harper, 1993), as do naming conventions in societies. For

example, it is becoming increasingly popular to assign non-gendered names in the USA

and in Israel (Hough, 2016; Obasi et al., 2019). Apart from conventions, names are

not static and unchanging from birth, with many people changing their names due to

partnerships, adoption, transition to a different life stage or gender, and so on (Hough,

2016; Obasi et al., 2019; AIATSIS, 2022).

Assimilation and resistance to convention. Trends in big-picture naming conven-

tions are complicated by factions of society who want to resist imposed classification.

Increasingly heterogeneous societies are a natural setting for such tensions; cross-

cultural associations with sociodemographic characteristics can differ and sometimes

clash, complicating naming, e.g., names like Nicola and Andrea tend to be assigned to

boys in Italy but to girls in Germany. As Germany is a society with highly regulated

naming practices, inclusion of these names necessitated a court judgment (Hough, 2016).

Immigrant families thus have to juggle the delicate balance of asserting their identity

but avoiding name-based stigma and discrimination in the new culture. Their naming

practices have therefore been studied as an indicator of attitudes towards assimilation

or its rejection, showing how names are not a transparent indicator of race (Sue and

Telles, 2007; Becker, 2009). Even among adults, imperialism and colonialism are forces

that affect naming. Indigenous individuals have been forced to adopt Western names

in settler colonial and postcolonial societies, e.g., the USA, Canada, Australia (AIAT-

SIS, 2022). Similarly, Chinese individuals around the world adopt Western names in

conversational (Li, 1997) and professional settings (Chan, 2016). Among trans and

gender-nonconforming adults, many choose a new name to reflect and express their

gender, walking the tightrope between normativity and self-assertion (Konnelly, 2021);

Obasi et al. (2019) find that 50% of gender-nonconforming respondents who change

their name pick a gender-neutral name. Indeed, two of the gender-nonconforming
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authors of this paper have changed their names to gender-neutral names. Beyond trans-

gender people, new names and pseudonyms are also often self-selected to assert agency

in identity creation, e.g., bell hooks, Sojourner Truth, and Malcolm X (Baker and Green,

2021).

Quantitative aspects of naming. As naming involves a trade-off between differ-

entiation and categorization, names often recur, a quantitative assumption that a lot of

sociological, anthropological and NLP classification relies on (Alford, 1987). However,

the distributions of names and people can be very different. Weitman (1981) finds that

in 100 years of first names from Israel’s Population Registry, the most frequent names

(101+ occurrences) account for the majority of the population of a society (91%), but

this corresponds to just a tiny minority of all assigned names (2.93%). These numbers

could vary widely depending on the society, as, for example, the Chuukese people of

Micronesia have a tradition of giving entirely unique names to children (Alford, 1987).

Hence, it is important to distinguish when names are the object of study and when

people are, to contextualize any results that involve the analysis of names.

4.3 Names and Sociodemographic Characteristics in

NLP

Here, we present a non-comprehensive list of papers to illustrate some common uses of

names and sociodemographic characteristics in NLP. Most papers that deal with names

and sociodemographic attributes can be classified into one of two categories: Papers

that attempt to infer the sociodemographic attributes of real people via their names, and

papers that use names to exemplify certain sociodemographic groups, following their

naming practices.

NLP tasks and problems. Numerous NLP works have developed algorithms to

infer sociodemographic attributes from names (Chang et al., 2010; Liu and Ruths, 2013;
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Knowles et al., 2016), e.g., for passive analysis of social media content. Another line of

NLP papers has relied on names to quantify gender disparities in academic publishing

(Vogel and Jurafsky, 2012; Mohammad, 2020) or media representation (Asr et al.,

2021). Some NLP works have identified preserving dominant gender associations as an

important criterion for transliteration and translation (Li et al., 2007; Wang et al., 2022).

Names are also used to investigate social biases in NLP systems and language mod-

els (Kotek et al., 2023; An et al., 2023; Ibaraki et al., 2024). For example, De-Arteaga

et al. (2019) study how first names, which they consider “explicit gender indicators,”

affect the gender bias of occupation prediction from biographies. Similarly, Jeoung et al.

(2023) assess the causal impact of first names, which they posit “may serve as proxies

for (intersectional) socio-demographic representations,” on the commonsense reasoning

performance of language models. Smith and Williams (2021) measure racial biases as

well, evaluating generative dialogue models by having “one conversational partner [. . . ]

state a name commonly associated with a certain gender and/or race/ethnicity.” In this

line of research, it is commonplace to use skewed reference populations such as USA

census data (U.S. Census, 2020) and Social Security Administration baby names (U.S.

Social Security Administration, 2023) for gender assocations (Lockhart et al., 2023).

Engagement with pitfalls. In these works, researchers engage to varying degrees

with the established methodological and ethical problems of associating names with

sociodemographic characteristics. Some NLP papers make unfounded assumptions

about names, e.g., Vogel and Jurafsky (2012) posit that certain names are “unambiguous”

with respect to gender across languages, and Wang et al. (2022) claim that there exist

“names with obvious gender.” Other papers are more critically reflective, acknowledging

the limitations of their work: Knowles et al. (2016) state that their classifier to predict

gender from names is biased towards the USA and assumes gender is binary, but leaves

these issues “to be addressed in future work.” Mohammad (2020) acknowledges that

inferring gender from names can yield misgendering because “names do not capture

gender fluidity or contextual gender,” but suggest a trade-off with “the benefits of NLP

techniques and social category detection.” Encouragingly, some recent papers opt for
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more inclusive study designs after engaging deeply with the pitfalls of using names and

sociodemographic characteristics (Sandoval et al., 2023; Saunders and Olsen, 2023;

Lassen et al., 2023).

4.4 Validity Issues

In this section, we present issues of validity when associating names with sociodemo-

graphic categories, or using names to infer them for real people. Issues of validity mean

that results with these operationalizations may neither be indicative of what we actually

want to measure, nor of reality.

Inference errors are not quantifiable without asking humans. The accuracy

of using names to infer sociodemographic characteristics of real people cannot be

quantified without ground truth data, which for people’s identities, can only be obtained

by asking them. Multiple studies thus empirically analyze the error rates of name-based

gender and race inference systems as compared to gold data in different contexts (Karimi

et al., 2016; Kozlowski et al., 2022; Van Buskirk et al., 2023; Lockhart et al., 2023).1

For example, Lockhart et al. (2023) evaluate gender and race inference systems using

self-reported data from nearly 20,000 individuals. Importantly, their self-reported data

does not directly transfer to other contexts, as their respondents are authors of English

language social science journal articles who are mostly located in the USA. Using this

data as reference data for a system with users located primarily in India, or for USA

authors in a different century, makes little sense. In new environments, it is simply not

possible to reasonably estimate the bounds of error of a name-based analysis, and results

without a corresponding analysis of self-reported data should not be taken seriously.

1 All of these studies look at imputing an individual’s gender, but the gold labels they compare to are,

confusingly, not always self-reported gender! Some use gender assigned by annotators as the ground

truth, which would be fine if they were comparing to perceptions of an individual based on their

name, but these studies do not, raising further questions about their methodological validity.
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Popular design choices for handling uninformative names lead to systematic error

and selection bias. Names that are uninformative of a sociodemographic character-

istic present an issue for computational analyses that rely on a connection between them.

This is an issue that comes up frequently: In the context of gender, names like Alex have

no unique gendered association in the USA and Canada; with race, names assigned

by Black and white parents overlap in the USA (Lockhart et al., 2023), and religious

names are used around the world (Curtis, 2005; Olúwáfei, 2014); at the intersection of

gender and race, many Chinese names are not gender-associated when Romanized, and

infrequent names are also not informative. In any type of computational analysis with

names, two common design choices for handling uninformative names are to assign

the majority class label anyway, or, alternatively, to just exclude them. Assigning the

majority class (i.e., classifying all people named Miaoran as female if a gender pre-

diction tool predicts the name to be “60% female”) results in systematic error (Kirkup

and Frenkel, 2006). This choice is common when inferring sociodemographic attributes

from names. When using names as examples of sociodemographic groups, on the other

hand, it is more common to simply exclude uninformative names from the analysis,

even when this makes up the majority of all names. This completely alters the makeup

of the data and therefore the results (Mihaljevi et al., 2019), resulting in selection bias.

Both choices affect internal validity, i.e., gaps in the translation from measurements to

overall conclusions (Liao et al., 2021), leading to less robust and trustworthy results.

Poor construct validity. Construct validity asks how well an abstract concept

can be measured through some indicator (Messick, 1995); in our case, the question

is: How valid is it to assign sociodemographic categories via names?2 The answer

to this depends on what aspects of the sociodemographic category we are interested

in: Identity, socialization, expression, perception—all of which could differ and are

frequently conflated (Keyes et al., 2021). As discussed previously, many names are

2 While we focus on the construct validity of names in this section, we note that poor construct validity

also applies to the sociodemographic categories themselves (Benthall and Haynes, 2019; Hanna et al.,

2020) and to abstract concepts such as “bias” and “fairness,” which show up frequently in the study

of names and sociodemographic categories in NLP (Blodgett et al., 2020; Jacobs and Wallach, 2021).
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simply not informative of certain sociodemographic identities in given contexts and

with homogeneous populations; Lockhart et al. (2023) find that overall error rates of

name-based gender and race imputation tools range from 4.6% to 86% overall, and up

to 100% for particular subgroups, depending on the tool. However, when it comes to

the perception of names as indexing a sociodemographic category, some names may

have stronger construct validity, an assumption used by Sandoval et al. (2023) in their

examination of names assigned at birth that are strongly associated with the baby’s

sex and the parents’ race/ethnicity. On the other hand, Mohammad (2020) uses names

to operationalize both identity (to investigate trends in authorship) and perception (to

investigate trends in citation) in a bibliometric analysis of the ACL Anthology, even

though these need not match, and many underrepresented names are uninformative of

identity as well as perception (Van Buskirk et al., 2023). As names do not neatly line up

with sociodemographic identities, perceptions, or experiences in a context-independent

way, it is critical to investigate construct validity of names in any setting where they are

used, and use this to inform study design.

Systems of classification create results. Although classification is inherently hu-

man, classification systems are produced by culture and politics, and end up creating a

view of the world (Bowker and Star, 2000). In computing, researchers have power and

our positionality shapes how we view and operationalize categories of classification

such as race and gender (Scheuerman et al., 2020b; Scheuerman and Brubaker, 2024).

However, many such categories are unstable and contested (Keyes et al., 2021; Mickel,

2024). For instance, it has been shown that different ways of operationalizing race can

result in entirely different conclusions (Steidl and Werum, 2019; Benthall and Haynes,

2019; Hanna et al., 2020). Individuals and groups thus cannot be treated as monoliths

that can be characterized one-dimensionally via names.
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4.5 Ethical Issues

The issues we have examined so far impact the scientific validity of claims made using

personal names and sociodemographic categories. Many of these problems arise from

assumptions that can also be criticized on ethical grounds, as we show.

Errors cause harms. Harms can be broadly described as a setback in the interests or

progress of people due to, e.g., the outcomes of an automatic process (Feinberg, 1984).

Group-level harms are experienced collectively by people in a sociodemographic group,

while individual harms (which might result from group membership) are experienced at

the person-person or person-technology level. Inferring gender from names frequently

misgenders trans people and erases non-binary people (Keyes, 2018). This perpetrates

group-level erasure, as well as individual harms including damaging autonomy and

dignity (Mcnamarah, 2020), inflicting psychological harms (Dev et al., 2021), and

a failure to show recognition respect to people (Darwall, 1977). Certain types of

name-based classification (e.g., of persecuted ethnic or religious groups) can threaten

individual safety, and when NLP infrastructure is used for surveillance and targeting,

this also threatens the safety of entire groups of people (Wadhawan, 2022). Regulation

efforts such as the AI Act (Commission, 2021) in the EU try to mitigate this, but

this does not apply to authoritarian regimes’ use of such technology (Briglia, 2021).

NLP systems reinforce group-level structural discrimination in other ways as well;

name-based studies of racial disparities in academia have been shown to systematically

discount the intellectual contributions of Black researchers (Kozlowski et al., 2022).

Errors and harms are not distributed equally. In their work on name-based

gender classification, Van Buskirk et al. (2023) note that for names with no available

data, assigning the majority class (in their case, male) maximizes accuracy, but results

in 0% error for the male class and 100% error for any other classes. For non-binary

people, who are generally excluded from gender classification by design, the error rate

is also almost always 100%. As for name-based race/ethnicity classifiers, Lockhart
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et al. (2023) show that people who self-identify as Filipino, Black, or Middle Eastern

and North African, are misrecognized 55-75% of the time, as compared to those who

identify as white, Chinese, or Korean, who are mislabelled less than 10% of the time. As

described above, misrecognition errors cause harms, which are then disproportionately

experienced by these individuals. We echo the conclusions of Mihaljevi et al. (2019)

and Lockhart et al. (2023), i.e., that inclusive analyses are only possible when names

are no longer used as a proxy to infer individuals’ gender or race/ethnicity.

Representational harms. The erasure of identities and the flattening of variation

in naming customs leads to representational harms, which include the reinforcement

of essentialist categories and power structures (Chien and Danks, 2024). These harms

primarily affect sociodemographic groups, e.g., non-binary people, who are often

incorrectly and unjustly treated as a novel social phenomenon. Groups of people with

a certain name are often subject to a different type of representational harm, i.e.,

stereotyping. For instance, the name Kevin is associated with lower socioeconomic class

in Germany (Kaiser, 2010). This stereotype, if encoded in an NLP system, could lead

to quality-of-service differentials, as class is a sociodemographic characteristic that

correlates with lower NLP performance in other contexts (Curry et al., 2024).

Cultural insensitivity. Conceptualizations of names and sociodemographic char-

acteristics in NLP are often Western-centric, with folk assumptions about what names

look like and the application of USA racial categories and naming preferences to areas

outside the USA, where they are unintelligible (Field et al., 2021). Non-Western naming

practices are only sometimes described in papers where there is a specific language

of study that is not English, e.g., name tagging in Arabic (Shaalan and Raza, 2007)

and Uyghur (Abudukelimu et al., 2018). Even within English, there is little recognition

of, e.g., English common nouns used as names in China (Billboard, Shooting, Pray,

etc.; Chan, 2016), names containing spelling variations (AIATSIS, 2022), and names

that overlap in different cultures but have different associations, e.g., Jan in the USA

compared to Jan in Germany. Beyond names, even gender, race, and other sociode-
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Theme Guiding questions

Names vs. people What are you aiming to study–names? Or people, via their

names?

What aspects of names are you interested in?

What aspects of people are you interested in?

Context What is your context?

Is processing names with NLP systems necessary to answer your

questions?

Harms and power What kinds of harms apply? How can you mitigate them?

Are you describing or prescribing?

How does your work reify/redistribute power?

Refusal Is it still worth it?

Table 4.1: Our list of guiding questions for the use of names and sociodemographic categories in

NLP, grouped by theme. See paragraphs in Section 4.6 for detailed recommendations.

mographic categories of relevance are different across cultures. Many cultures have

definitions of gender that go beyond the binary. Enforcing binary gender can thus be

seen as an example of what Lugones (2016) calls the “coloniality” of gender, which

also results in epistemic violence, i.e., inhibiting people from producing knowledge, or

silencing and discrediting their knowledge (Chilisa, 2019).

Power is centralized. Names are a site for enforcing institutional power, as seen in

“real name” policies (Haimson and Hoffmann, 2016), the (non-consensual) permanence

of names in data infrastructure including Google Scholar (Speer, 2021), governmental

name regulation (Te Tari Taiwhenua, 2021), and the “collective delusion” of legal

names, at least in the USA (Baker and Green, 2021). Names are also regulated socially

through norms and expectations, many of which end up baked into our NLP systems.

We exercise power as NLP researchers and practitioners via our assumptions, which

may reify sociodemographic categories, codify (or dismantle) associations between
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names and these categories, and create infrastructure that harms people at scale through

surveillance or mislabelling. Knowles et al. (2016) open-sourced their name-based

gender inference tool, and Vogel and Jurafsky (2012) published (binary) gender labels

with names of authors of NLP papers, which continue to be used in research (Moham-

mad, 2020; Van Buskirk et al., 2023). This data reflects folk assumptions about gender,

i.e., that it is binary, immutable and in perfect correspondence with names (Keyes,

2018; Cao and Daumé III, 2021). These datasets also deadname and misgender scien-

tists from the NLP community, some of whom have spoken about its harms (Mielke,

2024). Transgender people can only be counted in such a system if they conform to

normative expectations (Johnson, 2016; Konnelly, 2021), and if not, the burden is

disproportionately on them to seek redress. Even Asr et al. (2021)—a system relying

on name-based gender inference that considers gender beyond the binary and does

not publicly misgender individuals—does not shift power, as workarounds are a patch

rather than built-in to the method; gender inference still relies on APIs that use binary

gender, and mistakes (typically, famous non-binary people) are manually corrected.

As all these examples show how power remains centralized, we echo previous calls to

reimagine and reconfigure power relations in service of user autonomy (Keyes et al.,

2019; Blodgett et al., 2020; Hanna and Park, 2020).

4.6 Guiding Questions and Recommendations

In the previous sections, we have reviewed the myriad of issues surrounding the accu-

racy, validity and ethical use of names along with sociodemographic characteristics,

and noted that all these issues arise from the same assumptions and inform each other.

In addition, we have shown that these problems apply overwhelmingly to those who are

not cisgender, white, normatively named in a Western context, and well-represented

in publicly available data. Thus, work that uses names to operationalize people’s so-

ciodemographic categories most misrepresents and further marginalizes those who

are already at the margins. We take the normative position that this is not acceptable

collateral damage, even (and especially!) in the name of ostensible fairness. Thus, we
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come up with guiding questions and recommendations for NLP practitioners who are

considering the use of names as they relate to sociodemographic categories. These are

summarized in Table 4.1.

What are you aiming to study–names? Or people, via their names? It is accept-

able to investigate what concepts NLP models associate with names, e.g., Madeleine

with kindness. It is even acceptable to demonstrate that NLP models associate Marius

with the pronoun he or with being male, and that these associations mirror common

human associations (Caliskan et al., 2017; Crabtree et al., 2023). It is marginally accept-

able to associate names with sociodemographic characteristics using imaginary people,

e.g., drawing insights about gender bias more broadly based on how NLP models handle

synthetic names of people assumed to be exclusively female; while doing so does

not compromise people’s autonomy and dignity, it does further entrench hegemonic

folk theories of names and people’s identities, which has cultural harms. Finally, it is

unacceptable to present results about real people based solely on the assumption that

their names provide a reliable signal about their identities, e.g., NLP papers authored by

people named Madeleine and Marius cannot on their own provide trustworthy insights

into gender and racial representation in the field, unless those specific individuals are

asked about their gender.

What aspects of names are you interested in? Names are rich objects of study

with variation in form, length, training data frequency, tokenization, associations, the

strengths of these associations, and more, some of which have already been explored

in prior work in NLP (Shwartz et al., 2020; Wolfe and Caliskan, 2021; Sandoval et al.,

2023). Once you have decided what aspects to study, they must be operationalized

and measured carefully, with attention to the context of the study or eventual system

deployment. This includes the scope of what counts as a “name.” For instance, consid-

ering the use of English common nouns as names (e.g., Cloud) is particularly important

when working with data from or systems deployed in China, where this naming practice

is common (Chan, 2016). Ensure that pre-processing choices are contextualized and
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do not distort results, that names are understood within context, and that error can be

quantified robustly in the given context. Thus, when measuring training data frequency

of names, counting Cloud tokens as names must consider when it is used as a name and

when it is used simply as a noun. Error could be quantified through manual analysis on

a subset of the data.

What aspects of people are you interested in? People’s identity and perceptions of

them can differ, and these shape their experiences in various ways. Therefore, it is first

necessary to decide which aspects are relevant for a study. Attempting to infer someone’s

identity using names is simply unacceptable due to the range of methodological and

ethical concerns we list in this paper. We echo onomastic advice from nearly 40 years

ago (Weitman, 1981), i.e., that “inferences from names must be to the givers of these

names, not to their bearers. What is more, inferences must always be to sociological

formations (such as social classes, ethnic groups, historical generations, and the like),

not to individual name-givers.” In addition to studying formations of name-givers, it

can also be acceptable to study perceptions of identity based on names. For instance,

numerous sociology papers have investigated racial and ethnic perceptions, as well as

occupational stereotypes, based on names (King et al., 2006; Gaddis, 2017a; Gaddis,

2017b). Again, we emphasize that perceptions based on names are also highly contextual

and non-universal.

What is your context? It is essential to understand the geographical, temporal,

and cultural context of data with names, and document this information for datasets,

e.g., with datasheets (Gebru et al., 2021). What is the geographic, temporal, cultural,

and political context of the name data, name-bearers, models, and sociodemographic

categories you use? Who are the people who will be impacted by your work, and what

is their context? What do you know about the naming practices in these contexts and

the hetereogeneity in these practices? Are you quantifying error with self-reported data?

We posit that it is unacceptable to use names without deeply engaging with context
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in these senses, and stress that ascribing contemporary Western identity categories to

historical peoples without acknowledging the difference in contexts is reductive.

Is processing names with NLP systems necessary to answer your questions? For

questions about human identity and perception based on names, NLP may not be

the only or best method available. We warn against technical solutionism (Green,

2021); researchers should reflect on whether their questions could be approached with

interviews, case studies, and so on (Cameron, 2004). Qualitative methods can provide

deeper, richer evidence while respecting people’s autonomy, dignity and context. If your

questions are instead about NLP systems, then processing names with them is certainly

necessary, but we note that methodological pluralism and interdisciplinarity can enrich

our practice as NLP researchers and practitioners regardless (Wahle et al., 2023).

What kinds of harms apply? How can you mitigate them? Our paper provides

a starting point for harms that are relevant to the use of names and sociodemographic

characteristics in NLP, and we encourage transparency about methodological and ethical

problems (Bietti, 2019; Hao, 2019). It is unacceptable to sideline these problems in the

name of “social good” (Green, 2019; Greene et al., 2019; Bennett and Keyes, 2020).

Rather than treating entire segments of the population as limitations of or future work

for one’s research, we encourage changing the methods themselves, as Lauscher et al.

(2022) do with neopronouns. We recommend firmly grounding work in the ethical

principles of autonomy, justice, and beneficence for people (Floridi and Cowls, 2019),

which we note are sadly under-represented in machine learning research (Birhane et al.,

2022).

Are you describing or prescribing? Despite being distinct from each other, de-

scriptions of social phenomena are often conflated with normative behaviour (i.e.,

assumptions and assertions that create and reinforce norms) in NLP (Vida et al., 2023).

This is the subtle but significant difference between showing that sociodemographic

name associations in language models mirror the judgements of some group of humans,
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versus stating that model associations should mirror the judgements of some group of

humans. The latter “cannot avoid creating and reinforcing norms” (Talat et al., 2022).

Therefore, researchers should clearly distinguish descriptive and normative behaviours

in the design, execution, and presentation of their experiments (Vida et al., 2023). Sys-

tem designers do have to make decisions about how systems should behave, i.e., they

need to choose to perpetuate harmful structures in service of usability or to impose their

own values on users and stakeholders when they take an advocacy position. This is an

ethical dilemma in design that participatory methods and feminist epistemologies are

uniquely positioned to help with (Bardzell, 2010).

How does your work reify or redistribute power? Central to NLP and computer

science at large are scale thinking (Hanna and Park, 2020), quantitative methodolo-

gies (Birhane et al., 2022), and the illusion of objectivity (Waseem et al., 2021). All

these values serve to reify existing hierarchies and power structures. We must first

recognize our own power as NLP researchers and practitioners, and how our work can

reinforce infrastructure for (mis)classifying real people, and enable surveillance and

harms at scale. We recommend a counterpower stance (Keyes et al., 2019), situated

knowledges (Haraway, 1988), and methods informed by a politic, e.g., intersectionality,

a critical framework that centers justice, power, and reflexivity, and mandates praxis

with teeth (Collins, 2019; Erete et al., 2018; Ovalle et al., 2023b). Particularly for

those of us who are interested in using NLP for social good, we should constantly

be asking: “Social good for whom?” The differential impact on people matters, and

as researchers and practitioners, we have a responsibility to attend to it and resist the

othering perpetuated by classification systems.

Is it still worth it? After considering all these guiding questions, we remind the

reader that refusal is possible (Honeywell, 2016; Tatman, 2020; Lockhart et al., 2023;

Mihaljevi et al., 2019), and indeed an important part of the history of science (Williams,

1924; United States National Commission for the Protection of Human Subjects of

Biomedical and Behavioral Research, 1978; Weindling, 2001).
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4.7 Related Work

Several papers study and critically interrogate the inference and use of sociodemographic

information in computing (Larson, 2017; Keyes, 2018; Benthall and Haynes, 2019;

Hanna et al., 2020; Keyes et al., 2021; Field et al., 2021; Devinney et al., 2022), many

of which touch upon names but do not address them in detail. The work that deals

with names in particular are all outside of NLP: Karimi et al. (2016), Keyes (2017),

Tzioumis (2018), Mihaljevi et al. (2019), Scheuerman et al. (2019), Lockhart et al.

(2023), and Van Buskirk et al. (2023). These papers have different scopes and take a

variety of positions with regards to the ethics of name-based inference, some of which

we find insufficiently radical. Finally, our recommendations echo those from prior work

(particularly in the fields of human-computer interaction and science and technology

studies), but are contextualized for names in NLP. Among others, we take inspiration

from Keyes et al. (2019), Hanna and Park (2020), Blodgett et al. (2020), Scheuerman

et al. (2020a), and Green (2021).

4.8 Limitations

Our background on names and naming is limited, and meant only as a brief introduction

to onomastics and related fields that use names and sociodemographic characteristics;

we refer the interested reader to our references for deeper discussion of onomastic

variation. Additionally, we know that problematic and decontextualized assumptions

about names are rife within NLP based on our background as authors within or adjacent

to the field, as well as writing in other fields about methods that are also popular in NLP.

However, as we do not undertake a comprehensive, critical survey of NLP papers that

use names and sociodemographic characteristics, we cannot empirically quantify the

extent to which the problems we outline plague NLP research, and we leave a more

systematic study of this to future work.
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4.9 Conclusion

In this chapter, we answered the first research question of this thesis, showing that

personal names and not a reliable proxy for sociodemographic characteristics of interest,

such as race and gender. We did this by presenting an overview of names and naming

practices around the world, and as as discussed in disciplines outside of NLP. We

showed how NLP uses of names and sociodemographic characteristics has issues of

validity (e.g., selection bias and construct validity) and ethical concerns (e.g., harms,

cultural insensitivity). Finally, we presented a list of guiding questions and normative

suggestions towards addressing these concerns for fairer future work involving names

in NLP. Next, we turn our attention to personal pronouns, asking whether they fare

better as a proxy for social gender.



5
Revisiting the Relationship between Pronouns

and Social Gender

When referring expressions have the same referent, they are said to co-refer, and the

task of identifying such co-referring expressions in natural language is called coref-

erence resolution. Several studies have shown that biases can cause both humans and

machines to incorrectly resolve coreferences; one such influential study is Winogender

Schemas (Rudinger et al., 2018), which uses pronouns as a proxy for gender to evaluate

gender bias in coreference resolution. However, a closer look at their data reveals an

untested assumption that different pronominal forms are equivalent, violations of tem-

plate constraints, and typographical errors. As these issues compromise the dataset’s use

for reliable evaluation, we fix them and contribute a new dataset: WINOPRON. Using

WINOPRON, we evaluate two state-of-the-art supervised coreference resolution systems,

SPANBERT, and five sizes of FLAN-T5, and demonstrate that accusative pronouns are

harder to resolve for all models. We also propose a new method to evaluate pronominal

bias in coreference resolution that goes beyond the binary. With this method, we also

show that bias characteristics vary not just across pronoun sets (e.g., he vs. she), but also

across surface forms of those sets (e.g., him vs. his). Our analyses show that pronouns

are a noisy stand-in for gender, and that different forms indicating the same grammatical

gender do not show consistent performance and bias characteristics.

The content in this chapter is based on:
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Vagrant Gautam, Julius Steuer, Eileen Bingert, Ray Johns, Anne Lauscher, and Dietrich

Klakow (Nov. 2024b). “WinoPron: Revisiting English Winogender Schemas for Consis-

tency, Coverage, and Grammatical Case.” In: Proceedings of The Seventh Workshop on

Computational Models of Reference, Anaphora and Coreference. Ed. by Maciej Ogrod-

niczuk, Anna Nedoluzhko, Massimo Poesio, Sameer Pradhan, and Vincent Ng. Miami:

Association for Computational Linguistics, pp. 52–66. DOI: 10.18653/v1/2024.crac-1.6.

URL: https://aclanthology.org/2024.crac-1.6/

Vagrant Gautam conceptualized the research, created the dataset together with

Eileen Bingert, and led the paper writing. Dataset validation was performed by Vagrant

Gautam, Eileen Bingert, and Ray Johns. Vagrant Gautam and Julius Steuer performed

experiments with coreference resolution systems and large language models, and ana-

lyzed the results. Anne Lauscher and Dietrich Klakow advised and provided feedback.

5.1 Introduction

To refer to someone, we can choose from a variety of linguistic expressions, including

definite descriptions (the birder), pronouns (xe), and names (Vagrant), under certain

cognitive and pragmatic constraints (Prince, 1981; Prince, 1992; Gundel et al., 1993).

Among these options, third-person pronouns (he, she, singular they, etc.) are unique in

English as they explicitly mark grammatical gender, which also often indexes social

gender of the person being referred to. When referential gender (e.g., the feminine

she) conflicts with the gendered expectations of a co-referring expression (e.g., the

conceptually masculine surgeon), people have difficulties mapping these pronouns

to the right referent (Kennison and Trofe, 2003; Bjorkman, 2017; Ackerman, 2019;

Morehouse et al., 2022).

Rudinger et al. (2018) demonstrated that these biases also emerge within natural

language processing systems, by introducing Winogender Schemas, a challenge dataset

to evaluate occupational gender bias in coreference resolution systems. The dataset

has become popular due to its careful construction; it has been translated to other

https://doi.org/10.18653/v1/2024.crac-1.6
https://aclanthology.org/2024.crac-1.6/
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languages (Hansson et al., 2021; Stanovsky et al., 2019) and used in framings beyond

coreference resolution, e.g., to evaluate natural language inferences (Poliak et al., 2018)

and intrinsic bias in language models (Kurita et al., 2019).

Fix #1: Add 2 missing grammatical cases

(1a) The counselor told the patient that he/she/they/xe 
had a professional duty to report certain issues.

(1b) The counselor told the patient that he/she/they/xe 
did not have to pay out of pocket for the sessions.

(2a) The counselor and the patient agreed on having 
biweekly sessions for him/her/them/xem to be able to 
closely monitor progress.

(2b) The counselor and the patient agreed on having 
biweekly sessions for him/her/them/xem to be able to 
afford it.

(3a) The counselor informed the patient that 
his/her/their/xyr qualifications were in psychology.

(3b) The counselor informed the patient that 
his/her/their/xyr insurance fully covered the cost of the 
sessions.

WinoPron (ours)

(a) The counselor disclosed to the patient that 
he/she/they was professionally mandated to report certain 
issues.

(b) The patient disclosed to the counselor that 
he/she/they had a history of substance abuse.

Winogender Schemas (Rudinger et al., 2018)

Fix #3: Ensure templates support all pronouns

Fix #2: Fix structural violations, e.g, non-parallel 
templates

Fix #4: Add neopronoun xe/xem/xyr to the evaluation

Figure 5.1: Problems with Winogender Schemas that we fix in our new coreference resolution

dataset, WINOPRON. Correct antecedents appear in bold.

However, a closer look at the dataset reveals weaknesses that compromise its

use for reliable evaluation (see Figure 5.1), which we hypothesize would affect both

performance and bias evaluation. These include: Treating different pronominal forms

as equivalent, varying more than just pronouns in templates that should otherwise be

identical, and not conforming to structural requirements. In this chapter, we identify

issues with the original dataset and fix them to create a new dataset we call WINO-

PRON (Section 5.3). We also propose a novel method to evaluate pronominal bias in
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coreference resolution that goes beyond the binary and focuses on linguistic rather than

social gender (Cao and Daumé III, 2021). With this dataset and method, we empirically

test the assumption that different pronouns with the same grammatical gender behave

similarly with regards to coreference resolution system performance (Section 5.5) as

well as bias (Section 5.6), and find that they do not.

Our fixes reveal that grammatical case, which we balance for in WINOPRON,

does indeed affect both performance and bias results, even though prior work does not

distinguish between pronouns of different grammatical cases with the same grammat-

ical gender; accusative pronouns are harder to resolve than nominative or possessive

pronouns, and system pronominal bias is not always consistent across different gram-

matical cases of the same pronoun set. We find that singular they and the neopronoun

xe are extremely hard for supervised coreference resolution systems to resolve, but

surprisingly easy for FLAN-T5 models of a certain size. Since pronoun form has such

a profound effect on performance and bias, this chapter highlights the need for future

studies of stereotypical bias in coreference resolution to control this aspect of their data.

We release our data and code at github.com/uds-lsv/winopron.

5.2 Background: Winogender Schemas

Winogender Schemas (Rudinger et al., 2018) are a widely-used dataset consisting of

paired sentence templates in English, with slots for two human entities (an occupation

and a participant), and a third person singular pronoun.

(1) Winogender Schemas for cashier, customer and possessive pronouns

a. The cashieri told the customerj that {hisj / herj / theirj} card was de-

clined.

b. The cashieri told the customerj that {hisi / heri / theiri} shift ended soon.

As Example (1) shows, the second part of each template disambiguates which of the two

entities the pronoun uniquely refers to, similar to Winograd schemas (Levesque et al.,

https://github.com/uds-lsv/winopron
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2012). Changing the pronoun (e.g., from his to her) maintains the coreference, allowing

us to measure whether coreference resolution systems are worse at resolving certain

pronouns to certain entities. Beyond analyzing differences in system performance

with masculine, feminine and neutral pronouns, Rudinger et al. (2018) also map the

grammatical gender of pronouns to the social gender they are thought to index, to show

that real-world gender bias affects coreference resolution performance. In other words,

masculine he is mapped to male, and feminine she is mapped to female for comparison

to (binary) labour statistics in the USA.

The original list of entities consists of 60 occupations, each paired with a con-

textually appropriate participant, e.g., accountant is paired with taxpayer. For each

occupation-participant pair, two templates with pronouns are created, such that one

resolves to the occupation, and the other resolves to the participant. The template pairs

are designed to be parallel until the pronoun, such that only the ending can be used to

disambiguate how to resolve the pronoun. In total, these 120 unique templates are each

instantiated with three pronoun sets (he, she, and singular they), for a total of 120 x 3 =

360 sentences for evaluation.

5.3 WinoPron Dataset

Although Winogender Schemas are established in the coreference resolution literature,

we find issues with the dataset that compromise its use for reliable evaluation (see

Figure 5.1 for examples). We first motivate these issues and our fixes, and then describe

how we create and systematically validate our new dataset, WINOPRON.

We mostly reuse the occupation-participant pairs from Winogender Schemas (see

Appendix A.1 for the full list of pairings), but add 240 new templates to cover missing

grammatical cases, for a total of 360 templates. We also include a neopronoun set

(xe/xem/xyr), giving us 360 templates x 4 pronoun sets = 1,440 sentences for evaluation.
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Grammatical case Winogender Schemas WINOPRON

Nominative (he, she, they, xe, etc.) 89 120

Accusative (him, her, them, xem, etc.) 4 120

Possessive (his, her, their, xyr, etc.) 27 120

Total 120 360

Table 5.1: Number of templates per grammatical case in Winogender Schemas and WINOPRON.

5.3.1 Issues in Winogender Schemas and Solutions in WinoPron

Here, we detail the issues with Winogender Schemas that we fix in WINOPRON.

Support for 3 grammatical cases. We hypothesize that systems have different

performance and bias characteristics with pronouns in different grammatical cases (here,

we mean the surface form of the pronoun). However, as Table 5.1 shows, there is a

variable number of pronouns per grammatical case in Winogender Schemas, and all

of them are treated as equivalent. To enable more granular evaluation, we balance this

distribution in WINOPRON.

Consistency fixes. Winograd-like schemas have strict structural constraints so

that models cannot inflate performance through heuristics. However, when analyzing

Winogender Schemas, we found constraint violations, e.g., non-parallel paired templates,

which could be gamed by always guessing the first entity in the template. We fixed these

along with typographical errors to ensure robust and reliable evaluation.

Support for all English pronouns. For a controlled evaluation comparing pro-

nouns, it is common to use templates that only vary the pronoun. However, 17% of

Winogender Schemas must be modified to work with singular they due to its different

verbal agreement (“he was” but “they were”). To ensure a fair comparison across differ-
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ent pronouns, we modify these templates to work with any pronouns. This requires only

using past tense constructions, and avoiding the verb be.

Single-entity versions. When evaluating large language models on coreference

resolution when they have not explicitly been trained for it, poor performance could

mean that the model simply cannot perform the task (with a given prompt). In its

current form, Winogender Schemas do not allow us to disentangle why bad model

performance is bad. In WINOPRON, we create single-entity sentences that are parallel

to the traditional, more complex double-entity sentences, for a simple setting to test this,

and a useful baseline for all systems.

5.3.2 Data Creation

Two authors with linguistic training iteratively created sentence templates until we

reached consensus on their grammaticality and correct, unique coreferences. We found

template construction to be particularly challenging and time-consuming, due to ambi-

guity and verbal constraints.

Ambiguity. Our biggest source of ambiguity during template creation was singular

they, as they is also a third person plural pronoun. For example, if an advisor and student

were meeting to discuss their future, this could potentially refer to their future together.

This problem applied across grammatical cases. In addition, possessive sentences were

potentially ambiguous across all pronoun series; when discussing a doctor and a patient

and someone’s diagnosis, this could be the doctor’s diagnosis (i.e., the diagnosis made

by the doctor), or the patient’s diagnosis (i.e., the diagnosis the patient received). All

ambiguous templates were discarded and subsequently reworked.

Verbal constraints. The structural constraint of template pairs being identical until

the pronoun led to some difficulties in finding appropriate (logically and semantically

plausible) endings for the two sentences, particularly with accusative pronouns. With
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nominative pronouns, we had to ensure we used verbs in the past tense and avoid

was/were, so that our templates could be used with both he/she/xe and singular they.

It was also sometimes difficult to create single-entity sentences that were semantically

close to the double-entity versions because the latter only made sense with two entities.

5.3.3 Data Validation

As WINOPRON templates have structural constraints that can be programmatically

validated, we wrote automatic checks for these. In addition, we performed human

annotation of the sentences for grammaticality, and unique, correct coreferences.

Automatic checks. We automatically checked our data for completeness first, i.e.,

that every occupation-participant pair had sentence templates for nominative, accusative,

and possessive pronouns. We then automatically checked structural constraints, e.g.,

that a pair of templates must always be identical until the pronoun slot, and that no

additional pronouns appeared in the sentence.

Human annotation. Both authors who created the schemas systematically anno-

tated them, rating 100% of the final instances as grammatical and 100% of them as

having unique, correct coreferences. We confirmed the uniqueness of coreferences by

marking each data instance as coreferring with the appropriate antecedent and also not

coreferring with the other antecedent. An additional annotator independently verified

the final templates, rating 100% of them as grammatical, and 98.2% as having unique,

correct coreferences.
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5.4 Models

We select a range of systems with different architectures and levels of training for

coreference resolution, for evaluation of performance, consistency, and bias using

WINOPRON.

LINGMESS. LINGMESS is a state-of-the-art, linguistically motivated, mixture-of-

experts system for coreference resolution (Otmazgin et al., 2023). Expert scorers—each

specializing in different linguistic features such as syntax, semantics, and discourse—

independently evaluate coreference links, and their scores are combined to make the

final resolution decisions. This approach allows the model to consider a wider range of

linguistic signals than traditional single-scorer models.

CAW-COREF. CAW-COREF (D’Oosterlinck et al., 2023) is a state-of-the-art word-

level coreference resolution system based on an encoder-only model that builds on

Dobrovolskii’s (2021) encoder-only architecture. After an initial forward pass through

an encoder model, an antecedent scoring matrix is constructed from contextualized word

embeddings; for each word, the top k antecedents are scored again by a feedforward

neural network. Both scores are then used to identify the most likely antecedents of

each word.

SPANBERT. SPANBERT is an encoder-only language model pre-trained with a

span prediction objective and further enhanced for coreference resolution with fine-

tuning data (Joshi et al., 2020). This pre-training method improves model performance

on tasks that rely on spans of text, e.g., question answering, named entity recognition,

and coreference resolution. We use both available model sizes (base and large) for

evaluation.

FLAN-T5. FLAN-T5 is an encoder-decoder language model that is instruction-

tuned, but not explicitly trained for coreference resolution (Chung et al., 2024). We
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evaluate on five model sizes (small, base, large, xl, and xxl), with 10 prompts from

the FLAN collection (Longpre et al., 2023). See Appendix B.2 for more details on

prompting.

5.5 Performance and Consistency

To demonstrate the effects of our changes, we evaluate performance and consistency

metrics with all models on WINOPRON.

5.5.1 Performance Results

We first show how our changes affect overall performance between Winogender

Schemas and WINOPRON. Then we use WINOPRON to investigate differences across

case (which we have balanced for) and pronoun sets (which can now be evenly com-

pared). Detailed results with single- and double-entity sentences and additional metrics

(F1, precision, recall) are provided in Appendix C.

WINOPRON is harder than Winogender Schemas. As Table 5.2 shows, all the

systems we evaluate perform worse on WINOPRON, with F1 dropping on average by 10

percentage points compared to Winogender Schemas. Patterns of performance across

models are similar between Winogender Schemas and WINOPRON, with similar scaling

behaviour for both SPANBERT and FLAN-T5. Notably, scale seems to supercede

supervision, as the largest FLAN-T5 models perform the best overall. Smaller FLAN-

T5 models perform at chance level, which is likely a reflection of the “demand gap”

induced through prompting (Hu and Frank, 2024).

Accusative pronouns are harder. When model accuracy is split by grammatical

case and pronoun series, we see that all models struggle with accusative pronouns. In

general, systems perform best at resolving nominative pronouns, with a slight decrease
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System Winogender Schemas WINOPRON ∆F1

LINGMESS 85.5 64.4 -21.1

CAW-COREF 81.3 67.3 -14.0

SPANBERT-BASE 71.8 61.6 -10.2

SPANBERT-LARGE 82.0 70.1 -11.9

FLAN-T5-SMALL 52.2 51.6 -0.6

FLAN-T5-BASE 66.6 62.4 -4.2

FLAN-T5-LARGE 89.2 78.0 -11.2

FLAN-T5-XL 97.4 89.0 -8.4

FLAN-T5-XXL 97.5 88.8 -8.7

Table 5.2: Overall performance (F1) of coreference resolution systems on Winogender Schemas

and WINOPRON. WINOPRON is harder for all systems.

for possessive pronouns and a large drop for accusative pronouns, as seen in Figure 5.2.

This finding holds even for the best performing models on WINOPRON, FLAN-T5-XL

and FLAN-T5-XXL, where accuracy with accusative pronouns (81.9% and 78.6%) is

much lower than with nominative (94.3% and 96.3%) or possessive (89.3% and 90.0%)

pronouns. We hypothesize that the performance gap for accusative pronouns is partially

an effect of frequency; him tokens appear roughly half as often in large pre-training

corpora as he and his tokens (Elazar et al., 2024).

Performance with singular they and neopronouns is bimodal. For the super-

vised coreference resolution systems (LINGMESS and CAW-COREF), performance

with singular they is close to chance, and performance with the neopronoun xe is far

below chance, despite good performance with he/him/his and she/her/her. SPANBERT

performance also shows a gap between singular they and neopronoun performance

compared to data-rich pronouns, although the gap is much smaller. These findings

mirror those of Cao and Daumé III (2020) and Lauscher et al. (2022).
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Figure 5.2: Accuracy on WINOPRON by case and pronoun series with supervised coreference

resolution systems (CAW-COREF and LINGMESS), and language models fine-

tuned for coreference resolution (SPANBERT) and prompted zero-shot (FLAN-

T5), compared to random performance (50%). Accusative pronoun performance is

worse than other grammatical cases, and singular they and the neopronoun xe are

challenging for several models.

5.5.2 Consistency Results

Next, we evaluate system consistency on groups of closely related instances in WINO-

PRON, in order to dissect performance results and examine if systems are really right for

the right reasons. We follow Ravichander et al. (2022) in operationalizing consistency

by taking the score of the lowest-performing instance in the group as the group’s score.

We consider two groups: (a) Pronoun consistency, and (b) disambiguation consistency,

inspired by Abdou et al.’s (2020) pair accuracy on Winograd Schemas. In both cases,

we report the percentage of groups for which a model performs consistently.

(2) Group to measure pronoun consistency

a. The counselori informed the patientj that hisi qualifications were in psy-

chology.
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b. The counselori informed the patientj that heri qualifications were in

psychology.

c. The counselori informed the patientj that theiri qualifications were in

psychology.

d. The counselori informed the patientj that xyri qualifications were in

psychology.

(3) Group to measure disambiguation consistency

a. The counselori informed the patientj that xyr i qualifications were in

psychology.

b. The counselori informed the patientj that xyr j insurance covered the cost

of the sessions.

As shown in Example (2), pronoun consistency measures model robustness across

pronoun sets, i.e., if a model fails with even one pronoun set on a given template, then

its score for that template is zero. As we consider four pronoun sets, chance is 50%4,

or 6.25%. Disambiguation consistency, shown in Example (3), measures a system’s

ability to resolve a fixed pronoun to competing antecedents in paired templates, i.e., to

disambiguate them. Chance is thus 50%2, or 25%.

SPANBERT-LARGE is more robust to pronoun variation. As Table 5.3 shows,

LINGMESS and the small and base sizes of FLAN-T5 score below chance, the former

due to near-zero performance on xe/xem/xyr, and the latter due to poor performance

overall. Interestingly, SPANBERT-LARGE is more consistent (60.0%) than FLAN-

T5-XL (55.3%) and FLAN-T5-XXL (43.9%). This indicates that despite its lower

overall performance in Section 5.5.1, SPANBERT-LARGE is more robust to pronominal

variation.

The best model can only disambiguate half of the sentence pairs. Following

from its high overall performance, FLAN-T5-XL has the highest disambiguation

consistency score at 51.4%, just over half the template pairs we evaluate. In contrast,
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Model Pronoun Cons. Disambiguation Cons.

LINGMESS 4.2 33.3

CAW-COREF 18.3 34.7

SPANBERT-BASE 50.0 24.3

SPANBERT-LARGE 60.0 41.2

FLAN-T5-SMALL 3.9 0.0

FLAN-T5-BASE 0.8 0.0

FLAN-T5-LARGE 14.4 5.4

FLAN-T5-XL 55.3 51.4

FLAN-T5-XXL 43.9 43.3

Table 5.3: Consistency results on WINOPRON. Chance is 6.25% for pronoun consistency and

25% for disambiguation consistency. Red, italicized numbers are worse than chance.

SPANBERT-BASE has disambiguation consistency below chance (24.3%). Given its

reasonable overall performance, this result could plausibly stem from model bias, i.e.,

over-resolving a pronoun to a particular antecedent, disregarding the disambiguating

context. We thus investigate bias in more detail next.

5.6 Pronominal Bias

So far, we have focused on coreference resolution performance and consistency and

found that accusative forms and less frequent pronoun sets are harder, and models are

mostly non-robust to pronominal variation and antecedent disambiguation. However, we

have not established the extent to which models over-resolve a pronoun to a particular

antecedent due to pronominal biases, or because they simply cannot perform the task—

due to the prompting method, insufficient model capacity, or even artifacts of the

template creation, such as implicit causality (Brown and Fish, 1983; Sieker et al.,
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2023; Kankowski et al., 2025). Thus, one of our aims in this section is to disentangle

performance and bias.

Our second goal in this section is to focus on pronominal, rather than gender biases,

such that we can evaluate coreference resolution with singular they and the neopronoun

xe, as well as to avoid conflating grammatical and social gender (see Cao and Daumé III

(2021) for a critical discussion). Addressing these goals, we propose a new method

for evaluating pronominal bias in coreference resolution. We then apply our method to

investigate bias in SPANBERT models on WINOPRON.

5.6.1 Evaluating Pronominal Bias

When proposing a new method to evaluate pronominal bias in coreference resolution

systems, our primary goal is to disentangle performance and bias. In other words, we

should have reason to believe that the templates can be disambiguated and the model

can perform the task, and that the reason it gets an instance wrong with a particular

pronoun is specifically due to pronominal bias. Additionally, we would like our method

to work with an arbitrary set of pronouns of interest, and multiple surface forms of

those pronouns.

Measuring performance. We first (1) isolate template pairs where the system

attempts the task of coreference resolution as intended, i.e., the system resolves each

pronoun to the occupation or participant (regardless of correctness). Next, we (2) focus

on the template pairs that the model can correctly disambiguate with at least one pronoun

set, pa. We deem the model capable of performing coreference resolution on this set of

template pairs if it can resolve them with at least one pronoun set.

Measuring bias. Of the template pairs that a model can successfully disambiguate

with at least one pronoun pa, we then (3) focus on cases where the model fails to

disambiguate the exact same template pair with a different pronoun pb 6= pa, as this is

likely due to pronominal bias. If the model over-resolves pb to the occupation, we posit
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that the model has a positive bias between pb and that occupation. On the other hand, if

it over-resolves pb to the participant, the model is biased against associating pb with the

occupation, i.e., it has a negative bias.

Comparing results. With sets of positively and negatively biased occupations for

each pronoun form, we want to quantify how many of a model’s reasonable attempts to

resolve a pronoun gave biased outputs. We thus compute the percentage of templates

that result in bias (see Measuring Bias) of the total templates that a model attempts to

resolve with that pronoun, given that it can correctly solve it with at least one pronoun

(see Measuring Performance). This gives us a quantitative measure of “how biased” a

model is which also controls for whether a model is attempting the task and can perform

the task with another pronoun. In addition, we can quantify whether two models or two

surface forms of a pronoun set show similar resolution biases by computing the Jaccard

index (Jaccard, 1912), i.e., the size of the intersection of the biased occupation sets

divided by the size of their union.

5.6.2 Results

he she they xe
Pronoun

0

20

40

Pe
rc

en
ta

ge

Size = base

he she they xe
Pronoun

Size = large
Nominative Accusative Possessive

Figure 5.3: Percentage of model-attempted templates that show bias, for SPANBERT-BASE

and SPANBERT-LARGE.
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Nominative case Accusative case Possessive case

Positive Negative Positive Negative Positive Negative

he him his

engineer

painter

receptionist

secretary
–

dietitian

secretary

practitioner

chef

hairdresser

secretary

she her her

hairdresser

painter

accountant

plumber
cashier

firefighter

mechanic

practitioner

painter

accountant

surgeon

they them their

–
accountant

plumber
–

cashier

dietitian

advisor

baker

accountant

surgeon

xe xem xyr

–
hairdresser

engineer
–

mechanic

cashier

advisor

baker

engineer

supervisor

Table 5.4: A sample of SPANBERT-LARGE’s biases when resolving pronouns to occupations.

Positive bias means that the model over-resolves the pronoun to that occupation.

Negative bias means the model under-resolves the pronoun to the occupation.

We apply our method to SPANBERT-BASE and SPANBERT-LARGE and collect

all instances of positive and negative bias between a pronoun form and an occupation.

Aggregated bias results for both models are shown in Figure 5.3, and Table 5.4 shows a

sample of biased occupations for SPANBERT-LARGE.

SPANBERT-BASE is more biased than SPANBERT-LARGE. As Figure 5.3

shows, a larger percentage of SPANBERT-BASE’s attempted and resolvable templates

show biased behaviour when compared to SPANBERT-LARGE. This pattern holds

even when examining positive and negative biases separately. However, there are more

negatively biased occupations than positively biased ones for both models.
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Grammatical case he she they xe

Nominative 0.14 0.15 0.17 0.32

Accusative 0.12 0.10 0.25 0.29

Possessive 0.12 0.18 0.24 0.24

Table 5.5: Similarity of biased occupations between SPANBERT-BASE and SPANBERT-

LARGE, quantified with the Jaccard index (0.0 -1.0; higher is more similar).

Bias is qualitatively different across model sizes. In addition to being quantita-

tively different, we find that despite being trained and fine-tuned on the same data, there

is low overlap between the occupational biases acquired by SPANBERT-BASE and

SPANBERT-LARGE (see Table 5.5). For instance, the former positively associates she

with machinist, while the latter positively associates she with hairdresser and painter.

Only they/them/their and xe/xem/xyr have slightly higher overlap, mostly due to negative

bias, as these models under-resolve these particular pronouns to all occupations.

Grammatical case pairing
SPANBERT-BASE SPANBERT-LARGE

he she they xe he she they xe

Nominative-Accusative 0.10 0.00 0.00 0.00 0.10 0.00 0.07 0.06

Accusative-Possessive 0.07 0.13 0.14 0.07 0.22 0.00 0.06 0.06

Nominative-Possessive 0.07 0.11 0.10 0.09 0.17 0.29 0.15 0.19

Table 5.6: Similarity of biased occupations across pairings of grammatical case of a pronoun

set, quantified with the Jaccard index (0.0 -1.0; higher is more similar).

Bias does not match qualitatively across grammatical case. In other words,

positive bias with she for an occupation does not entail positive bias with her. We

quantify this systematically by computing Jaccard indices in Table 5.6, where we

find that most pairings of grammatical case have very low overlap in their biases. In

fact, even contradictory associations are possible; SPANBERT-BASE has a positive

bias between manager and them, but a negative bias betweeen manager and their.
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Only nominative and possessive occupational biases in SPANBERT-LARGE appear to

somewhat consistently overlap with each other. Although some of these instances (e.g.,

negative bias for secretary with he, him, and his) align with social stereotypes (Haines

et al., 2016), the overall pattern provides evidence that grammatical case in pronouns

has biases that should be examined in their own right.

Bias is not additive. Even though SPANBERT-LARGE has positive bias for baker

and her, their as well as xyr, this does not imply that the model must have a negative

bias between baker and his; it does not. This further highlights the need for evaluation

that goes beyond binary, oppositional operationalizations of gender via pronouns.

5.7 Discussion

By systematically identifying and fixing issues with Winogender Schemas (Rudinger

et al., 2018), we create a new dataset, WINOPRON, and introduce a novel method to

evaluate pronominal biases in coreference resolution. We find that: (1) Different gram-

matical cases of pronouns show vastly different performance and bias characteristics,

(2) pronominal biases are rich and varied, of which he and she are only the tip of the

iceberg, and (3) model biases are complex and do not necessarily match our intuitions

about them. Based on our findings, we make some recommendations for researchers

who study coreference resolution and those who study bias and fairness via pronouns.

First, grammatical case is a dimension of pronominal performance and bias that

warrants more study (Munro and Morrison, 2020). In particular, we hope that future

work further investigates why accusative pronouns are harder. The patterns we demon-

strate (both for performance and bias) could arise from a number of sources beyond

mere frequency, including quirks of our dataset, or the distribution of semantic roles in

training data for coreference resolution systems.

Second, we echo prior calls for fairness researchers to attend to the differences

between social gender and terms that index it (Cao and Daumé III, 2021), to include

more diversity in pronouns (Baumler and Rudinger, 2022; Lauscher et al., 2022; Hossain
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et al., 2023), and to move towards richer operationalizations of gender (Devinney et al.,

2022; Ovalle et al., 2023a) and bias (Blodgett et al., 2020), particularly since we find

evidence that pronouns of a particular grammatical gender are inconsistent proxies for

social gender across different grammatical cases. Specifically, future work on bias in

coreference resolution should treat pronominal bias as distinct from (social) gender bias,

defend how and why pronouns are mapped to social gender, and move beyond binary,

oppositional methods of evaluation, as we do.

Lastly, as our work is a case study in how careful data curation and operational-

ization affects claims about system performance and bias, we emphasize the need for

thoughtful data work (Sambasivan et al., 2021), and encourage the use of automatic

checks when feasible, as in our work.

5.8 Related Work

Besides Rudinger et al. (2018), there are a number of papers that tackle gender bias in

coreference resolution, all of which differ from ours. Similar to Winogender Schemas,

WinoBias (Zhao et al., 2018) proposes Winograd-like schemas that focus on occupations

to evaluate gender bias in coreference resolution. However, WinoBias only covers he

and she, rather than our coverage of all English pronoun sets by design. In addition,

like Winogender, WinoBias also treats pronouns in all grammatical cases the same way.

WinoNB schemas (Baumler and Rudinger, 2022) evaluate how coreference resolution

systems handle singular they and plural they with similar schemas. Beyond these

constructed schemas, there also exist datasets of challenging sentences found “in the

wild,” such as BUG (Levy et al., 2021), GAP (Webster et al., 2018), and GICOREF (Cao

and Daumé III, 2021). However, as these natural datasets are not carefully constructed

like Winograd-like schemas, pronouns cannot be swapped in dataset instances and still

be assumed to be grammatical or coherent.

Our work is also one among several papers that investigate datasets for prob-

lems including low quality or noisy data (Elazar et al., 2024; Abela et al., 2024),

artifacts (Shwartz et al., 2020; Herlihy and Rudinger, 2021; Elazar et al., 2021; Dutta
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Chowdhury et al., 2022), contamination (Balloccu et al., 2024; Deng et al., 2024), and

issues with conceptualization and operationalization of bias (Blodgett et al., 2021; Sel-

vam et al., 2023; Nighojkar et al., 2023; Subramonian et al., 2023). We cover many of

these areas, but do not control for dataset artifacts, which we explain in our Limitations

section.

5.9 Limitations

As in Winogender Schemas, our schemas are not “Google-proof” and could conceivably

be solved with heuristics, including word co-occurrences, which is a primary concern

when creating and evaluating Winograd schemas (Levesque et al., 2012; Amsili and

Seminck, 2017; Elazar et al., 2021). The fact that we do not control for this means that

our dataset gives generous estimates of system performance, particularly for strong

language models like FLAN-T5, but it also means that this dataset is inappropriate to

test reasoning, a challenge we take on in Chapter 7. Our dataset construction instead

controls for simple system heuristics that are relevant for coreference resolution, such

as always picking the first entity in the sentence, or always picking the second.

We take steps to prevent data contamination (Jacovi et al., 2023), including not

releasing our data in plain text, and not evaluating with language models behind closed

APIs that do not guarantee that our data will not be used to train future models (Balloccu

et al., 2024). However, as we cannot guarantee a complete absence of data leakage

unless we never release the dataset, we encourage caution in interpreting results on

WINOPRON with models trained on data after August 2024.

Finally, we note that as our evaluation set only contains one set of templates

per occupation-participant pair, our results represent a point in the distribution of bias

related to that occupation. When results are aggregated, our dataset gives us a big-picture

overview of performance and bias in coreference resolution. We thus echo Rudinger et

al.’s (2018) view of Winogender Schemas as having “high positive predictive value and

low negative predictive value” for bias. In other words, they may demonstrate evidence

of pronominal bias in systems, but not prove its absence. In the case of large language



72 R E V I S I T I N G T H E R E L AT I O N S H I P B E T W E E N P RO N O U N S A N D S O C I A L G E N D E R

models in particular, using a small number of templates for templatic evaluation is

known to be brittle even to small, meaning-preserving changes to the template (Seshadri

et al., 2022; Selvam et al., 2023). Our dataset’s small size is a result of us requiring a

tightly controlled and structured dataset to evaluate how coreference resolution varies.

Thus, it may differ from realistic examples (which would have other differences that

confound bias results). We wish to emphasize that in addition to controlled datasets

like ours, realistic evaluation is also necessary for holistically evaluating performance,

robustness and bias in coreference resolution.

5.10 Conclusion

This chapter addressed research questions 1 and 2 in this thesis, by questioning the

connection between pronouns and gender, and revisiting measurements of bias in

coreference resolution. In particular, we demonstrated a number of issues with the well-

known Winogender Schemas dataset, which we fixed in our new, expanded WINOPRON

dataset. In addition, we propose a novel way to evaluate pronominal bias in coreference

resolution that goes beyond the binary and focuses on grammatical gender. With our

new dataset, we evaluate both supervised coreference resolution systems and language

models, and find that the grammatical case of pronouns affects model performance and

bias, and that bias varies widely across models, pronoun sets and even grammatical

cases of the same pronoun set, which have been treated as equivalent in prior work.

This chapter demonstrates that measurements of bias and robustness are only as good

as the datasets and metrics we use to measure them, and we call for careful attention

when developing future resources for evaluating bias, with attention to grammatical

case, more careful operationalizations of bias, and greater diversity in the pronouns we

consider. In the next two chapters, we investigate whether stereotypical biases such as

the ones we found in this chapter can be overcome with additional information, shifting

our focus from reference resolution to actually doing reference.
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Pronoun Fidelity of English LLMs

As we have seen in the last chapter, social gender stereotypes about occupations and

their corresponding reflections in language cause biases when resolving reference for

both humans and NLP systems, although they manifest differently. In this chapter,

we ask whether large language models can overcome their stereotypical biases and

faithfully reuse pronouns for someone, as humans do. To measure this, we introduce

the task of pronoun fidelity: Given a context introducing an entity with a co-referring

definite description and pronoun, the task is to reuse the correct pronoun later. With a

new dataset to evaluate pronoun fidelity in English, we evaluate 37 model variants from

nine popular families, across architectures (encoder-only, decoder-only and encoder-

decoder) and scales (11M-70B parameters). We find that when an individual of a

certain occupation is introduced with a pronoun, models can mostly overcome their

stereotypical biases and faithfully reuse this pronoun in the next sentence. However, they

show significantly worse performance with she/her/her, singular they and neopronouns,

compared to he/him/his, showing that doing fair reference remains an open problem.

The content in this chapter is based on:

Vagrant Gautam, Eileen Bingert, Dawei Zhu, Anne Lauscher, and Dietrich Klakow

(Dec. 2024a). “Robust Pronoun Fidelity with English LLMs: Are they Reasoning,

Repeating, or Just Biased?” In: Transactions of the Association for Computational

Linguistics 12, pp. 1755–1779. ISSN: 2307-387X. DOI: 10.1162/tacl_a_00719. URL:

https://doi.org/10.1162/tacl_a_00719
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Vagrant Gautam conceptualized the research, created the dataset together with

Eileen Bingert, analyzed the results, and led the paper writing. Dataset validation was

performed by Vagrant Gautam and Eileen Bingert. Vagrant Gautam and Dawei Zhu

performed experiments, and Anne Lauscher and Dietrich Klakow advised and provided

feedback.

6.1 Introduction

Third-person pronouns (he, she, they, etc.) are words that construct individuals’ identities

in conversations (Silverstein, 1985). In English, these pronouns mark referential gender

for the entity they refer to, which can index social gender and potentially clash with

stereotypical gendered associations of the referent. As we saw in the previous chapter,

this can create problems for NLP systems in resolving reference. Correctly using

the pronouns an individual identifies with is also important to avoid misgendering

(including through incorrect pronoun use), which can in the best case be a social faux

pas (Stryker, 2017) and in the worst case, cause psychological distress and exacerbate

suicidal thoughts, particularly among transgender individuals (McLemore, 2018).

Accordingly, it is important for large language models (LLMs) to use pronouns

faithfully and without causing harm. To this end, many studies have explored how

LLMs handle pronouns, showing that they stereotypically associate pronouns and oc-

cupations (Kurita et al., 2019), reason about co-referring pronouns and entities better

when they conform to stereotypes (Tal et al., 2022), fail when exposed to novel pronoun

phenomena such as neopronouns (Lauscher et al., 2023), and cannot consistently reuse

neopronouns during generation (Ovalle et al., 2023a). These shortcomings create differ-

ences in quality of service and cause representational harm, amplifying discrimination

against certain pronoun users (Blodgett et al., 2020; Dev et al., 2021).

In such work on LLM pronoun use, a question that has gone unexamined thus far

is: Can models faithfully reuse pronouns? To answer this question, we propose pronoun

fidelity (Section 6.2), a new task to investigate realistic model reasoning about pronouns,

and we introduce RUFF (Section 6.3), a dataset to evaluate this task. With this dataset,
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we present an analysis of pronoun fidelity across 37 variants from nine popular language

model families covering architectures and scales, to investigate whether models can

overcome their stereotypical biases in the appropriate context. To do so, we first establish

a “bias baseline” by collecting model pronoun predictions for occupations in the absence

of any context (Section 6.5). Then, we evaluate whether models can overcome their

biased predictions when explicitly shown what pronoun to use in context (Section

6.6). All models turn out to be good at this task, performing well above chance but

below human performance, which is perfect in this simple setting. However, there are

significant disparities across pronoun sets and architectures; models are statistically

significantly better at reusing he/him/his pronouns compared to she/her/her, which in

turn shows better reuse than singular they and the neopronoun xe/xem/xyr. Additionally,

encoder-only models show much better performance than decoder-only models of the

same scale, despite the latter being the preferred architecture of today’s LLMs, as shown

in Figure 6.1. Overall, our results show that even in this simple and realistic setting to

evaluate downstream impacts of stereotypical biases, LLMs show significant quality of

service differentials with how they do reference.

6.2 Pronoun Fidelity Task

Using multiple referring expressions (definite descriptions, names, and pronouns) to

discuss a single individual is a well-studied phenomenon in discourse (Grosz et al.,

1995). Building on this, we formalize our task of pronoun fidelity: Given a context in

which an entity is introduced with a co-referring definite description and pronoun, the

task is to reconstruct the pronoun later in a sentence about the entity.

Introduction: The accountant had just eaten a big meal so her stomach was full.

Task sentence: The accountant was asked about ___ charges for preparing tax

returns.
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Pronoun Fidelity

The accountant was asked about ___ 
charges for preparing tax returns.

The accountant had just eaten
a big meal so her stomach was full.Introduction

Task

❌ xyr❌ his ✅ her ❌ their

107 108 109 1010 1011

Number of parameters
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Figure 6.1: We evaluate model accuracy at using the correct pronoun for an entity when pro-

vided with an explicit introduction. All models perform above chance, but below

human performance. Plotting scaling behaviour split by architecture shows that

encoder-only models are better than decoder-only models of the same scale, and

comparable to decoder-only models orders of magnitude larger.

More formally, an introduction sentence i(ea, pa) establishes a coreference between

an entity ea and a pronoun pa, creating a context. Then, a task sentence t(ea, p) contains

an unambiguous coreference between the entity ea from the introduction and a pronoun

slot p which must be filled. The task is to maximize the probability P

P [ t(ea, p = pa) | i(ea, pa) ] , (6.1)

of reconstructing the correct pronoun pa in the sentence t(ea, p), given the context.
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6.3 RUFF Dataset

Instantiate introduction with the occupation 
(accountant) and a pronoun (e.g., her)

The {OCCUPATION} had just eaten
a big meal so ___ stomach was full.

The accountant was asked about ___ 
charges for preparing tax returns.

Task template

The accountant had just eaten
a big meal so her stomach was full.

The accountant was asked about ___ 
charges for preparing tax returns.

Context template

Figure 6.2: Template assembly for RUFF: Occupation-specific task templates are matched with

generic context templates that are instantiated with a pronoun set to introduce the

person and pronouns. This creates realistic but controlled narratives that allow us to

measure robust pronoun fidelity.

To evaluate pronoun fidelity at scale, we create RUFF, an evaluation dataset of

narratives about people with occupations that have been studied extensively in the

context of gendered stereotypes in NLP (Rudinger et al., 2018). Our narratives cover

the 60 occupations studied in Winogender schemas; see Appendix A.1 for a full list.

As for pronouns, we consider four third-person pronouns in three grammatical cases

(nominative, accusative and possessive dependent). In addition to the English masculine

(he/him/his) and feminine (she/her/her) pronouns, we heed Lauscher et al.’s (2022) call

for more inclusive NLP research by examining two more pronoun sets that are less

well-studied in NLP: Singular they (they/them/their), the pronoun of choice of over 75%

of respondents to the Gender Census (Lodge, 2023), and xe/xem/xyr, the most popular

neopronoun according to the same census. In total, RUFF contains 7,200 data instances,

each consisting of an introduction sentence and a task sentence. The instances are

constructed with a 3-step pipeline: Template creation (Section 6.3.1), template assembly

(Section 6.3.2), and data validation (Section 6.3.3).
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6.3.1 Template Creation

Below, we describe how we create occupation-specific task templates and generic

context templates for introductions.

Task templates. We reuse the 180 single-entity sentences about occupations from

Chapter 5 as task sentence templates, as they show unique, unambiguous coreference

between the occupation and the pronoun.

Introduction templates. The ideal introduction template would be: (1) Flexible

across different occupations for a controlled setting to test pronoun fidelity; (2) cohesive

in a multi-sentence narrative including the task template about an occupation; and

(3) neutral, not dramatically affecting the prediction of a certain pronoun. Templates

such as He is an accountant are well-established for testing word embedding associ-

ations (Caliskan et al., 2017; May et al., 2019). They are flexible and neutral (they

are even referred to as “semantically bleached” templates in the literature), but it is

unnatural to introduce an entity for the first time by beginning with a pronoun (Grosz

et al., 1995). Natural corpora like Levy et al. (2021) have the most potential for creating

cohesive narratives, but contain occupation-specific sentences that are inflexible and

sometimes also non-neutral, e.g., ungrammatical with singular they.

For a setting that satisfies all three criteria, we create context templates with generic

themes, e.g., universal human emotions and sensations (hungry/full, tired/energetic,

unhappy/happy, etc.). The generic themes make them flexible for use across all occupa-

tions. Our templates are created to be grammatical with all pronoun sets we consider,

which satisfies neutrality. Additionally, our use of both positive and negative versions

of templates (i.e., happy and unhapppy) as well as our variety of templates allows us to

mitigate potential implicit biases when aggregated (Alnegheimish et al., 2022).
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6.3.2 Template Assembly

Figure 6.2 shows how we instantiate and combine templates to assemble our data

instances: First, we select an occupation (ea) and one of its task templates. We pick a

pronoun (pa) to use as ground truth and instantiate a random context template with the

selected occupation and pronoun, creating an introduction sentence which will then

be paired with the appropriate task sentence for that occupation and grammatical case.

Instantiating 10 templates with 4 different pronoun sets and pairing them with task

templates for 60 occupations across 3 grammatical cases gives us a total of 7,200 unique

instances for this task.

Data type Number of instances

Task sentences with no context (used in Section 6.5) 180

With introductory context (used in Section 6.6) 3 x 2,160 (of 7,200)

Table 6.1: Number of dataset instances with and without an introductory context. We subsample

3 sets of 2,160 sentences of the total number of instances we created.

Our stackable dataset design gives us a controlled setting to evaluate the effect of

context on model predictions of reference. We subsample the data with three random

seeds for the rest of our evaluation, ensuring that all occupations, cases, pronoun

declensions and distractor pronouns are equally represented in each subsampled set of

2,160 sentences (see Table 6.1).

6.3.3 Data Validation

We validate all task and context templates, as well as a sample of pronoun fidelity in-

stances. Annotator information is shown in Appendix A.2 and all annotator instructions

are provided in Appendix A.3.
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Templates. Two authors with linguistic training iteratively created and validated

sentence templates for grammaticality and correct coreferences until consensus was

reached. An additional annotator independently rated 100% of the sentences as gram-

matical and with the correct coreferences.

Pronoun fidelity task. To verify that the pronoun fidelity task is easy and unam-

biguous for humans, and to create a ceiling for model evaluation, we also validate a

subset of 100 pronoun fidelity instances. One author and one annotator had to fill in the

pronoun, and each performed with 100% accuracy.

6.4 Experimental Setup

Model Sizes Architecture

Evaluated with (Pseudo) Log Likelihoods

ALBERT-V2 base (11M), large (17M), xlarge (58M), xxlarge

(223M)

Encoder-only

BERT base (110M), large (340M) Encoder-only

ROBERTA base (125M), large (355M) Encoder-only

MOSAICBERT 137M Encoder-only

OPT 125M, 350M, 1.3B, 2.7B, 6.7B, 13B, 30B, 66B Decoder-only

PYTHIA 14M, 70M, 160M, 410M, 1B, 1.4B, 2.8B, 6.9B, 12B Decoder-only

LLAMA-2 7B, 13B, 70B Decoder-only

Evaluated with prompting

FLAN-T5 small (77M), base (248M), large (783M), xl (2.85B),

xxl (11.3B)

Encoder-decoder

LLAMA-2-CHAT 7B, 13B, 70B Decoder-only

Table 6.2: Models we experiment with across a range of sizes (11M-70B parameters) and

architectures.
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Create 4 verbalized options of each 
instance.

Obtain model probabilities (Pseudo 
Log Likelihoods or Log Likelihoods) 
for each option.

Pick the highest probability sequence 
as the model’s answer.

Encoder-only 
language model

(PLLs)

❌ their

❌ his

❌ xyr

✅ her

The accountant had just eaten a big meal so her 
stomach was full. The accountant was asked 
about his charges for preparing tax returns.

Decoder-only 
language model

(LLs)
-123.28
-105.35
-103.41
-102.96

The accountant had just eaten a big meal so her 
stomach was full. The accountant was asked 
about her charges for preparing tax returns.

The accountant had just eaten a big meal so her 
stomach was full. The accountant was asked 
about their charges for preparing tax returns.

The accountant had just eaten a big meal so her 
stomach was full. The accountant was asked 
about xyr charges for preparing tax returns.

-90.82
-58.33
-55.92
-60.66

❌ his

✅ her

1 2 3 1

2

3

Embed data instance in prompt 
template.

Obtain model generation.

Post-process the generation with 
regexes to obtain the model’s 
verbalized answer.

Chat language 
model

(generations)
✅ her

1 2 3 1

2

3

The correct 
pronoun to 
use in the 
blank would 
be "her."

What pronoun should be used to fill 
the blank?

The accountant had just eaten a big 
meal so her stomach was full. The 
accountant was asked about ___ 
charges for preparing tax returns.

Data instance:
The accountant had just eaten a big meal so her stomach was full. The accountant was asked about ___ charges for preparing tax returns.

Figure 6.3: Model evaluation overview: Pseudo log likelihoods (PLLs) and log likelihoods

(LLs) of verbalized instances are used for encoder-only and decoder-only models;

generations are used for chat models.

Here we list our models, evaluation methods, and metrics. Further details are

provided in Appendix B.1.

6.4.1 Models

We experiment with 37 transformer-based language model variants from nine pop-

ular model families (see Table 6.2), which we chose to evaluate the effects of ar-

chitecture and scaling. Our encoder-only models are from the BERT (Devlin et

al., 2019), ROBERTA (Liu et al., 2019), ALBERT-V2 (Lan et al., 2020) and MO-

SAICBERT (Portes et al., 2023) model families, as the first three remain well-used

in NLP, and the last is trained on much more data. As for our decoder-only mod-

els, we select the popular LLAMA-2 (Touvron et al., 2023) model family, as well as

OPT (Zhang et al., 2022) and PYTHIA (Biderman et al., 2023) for their large range

of model sizes. In addition, we experiment with popular chat models that are further

trained with instruction-tuning and reinforcement learning, to evaluate task performance

with prompting; specifically, we use decoder-only LLAMA-2-CHAT models (Touvron

et al., 2023) and encoder-decoder FLAN-T5 models (Chung et al., 2024).
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6.4.2 Obtaining Predictions

Figure 6.3 shows an overview of our evaluation methods. Decoder-only and encoder-

only models are evaluated comparably in a forced choice setting: Following Hu and

Levy (2023), we take direct measurements of probabilities as a proxy for models’ met-

alinguistic judgements. Generations are obtained from chat models and post-processed

to obtain unique pronouns, if any.

Encoder-only and decoder-only models. We verbalize four versions of each data

instance, i.e., we fill in the blank with each of the four pronouns we consider, creating

four options. We then obtain model probabilities for each of these four options, and select

the highest probability option as the model’s choice. Specifically, we use log likelihoods

for decoder-only models and pseudo log likelihoods for encoder-only models, following

prior work (Salazar et al., 2020; Kauf and Ivanova, 2023). We do not use masked token

prediction due to tokenization issues with neopronouns (Ovalle et al., 2024); briefly, we

want xe to be tokenized “normally” (which is often as two tokens) rather than a single

UNK token.

Chat models. Following common practice, we evaluate chat models (FLAN-T5

and LLAMA-2-CHAT) using vanilla and chain-of-thought prompting. As Sclar et al.

(2024) recommends, we show the range of expected performance with 10 different

prompts, inspired by the prompts to elicit coreferences in the FLAN collection (Longpre

et al., 2023). See Appendix B for more methodological details.

6.4.3 Metrics

As every instance of the pronoun fidelity task has a unique correct answer, we report

accuracy averaged over the three randomly sampled subsets of our dataset. We show the

standard deviation with error bars or shading. Where possible, we perform significance
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testing with a Welch’s t-test and a threshold of 0.05. We use human performance (which

is 100%) as our ceiling, and compare models to a baseline of randomly selecting 1 of

the 4 pronouns (i.e., 25%).

6.5 Model Predictions with No Context

We begin by creating a “bias baseline,” i.e., obtaining pronoun predictions from models

on our task sentences in the absence of any context. In Section 6.6, we will examine

whether models can overcome this bias with reasoning when provided with context

establishing a single correct answer.

Example: The accountant was asked about ___ charges for preparing tax returns.

No single answer (among his, her, their, xyr)

0 25 50 75 100
Count

he/him/his

she/her/her

they/them/their

Figure 6.4: Counts of pronoun predictions from all models, in the absence of context. The

pronouns xe/xem/xyr never appear as the highest-likelihood option for any model.

Error bars indicate standard deviation across models.

As we cannot evaluate accuracy on a task with no single correct answer, we show

the counts of model predictions of different pronoun declensions in Figure 6.4, averaged

over all models. The results show an overall bias towards predicting he/him/his pronouns

in the absence of any context, followed by she/her/her. Nevertheless, this is only a

measurement of intrinsic bias, or stereotypical associations between pronouns and

occupations, and models may still be able to overcome these biases in context.
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Figure 6.5: Counts of pronoun predictions from all models, in the absence of context. The

pronouns xe/xem/xyr are not plotted as no model assigns it the highest likelihood.

The random baseline shows counts if each pronoun set was chosen equally often.

To further analyze how pronoun predictions differ across individual models, we

plot per-model counts in Figure 6.5. Even though our task sentences are designed

such that any pronoun set can be used grammatically, all models predict he/him/his

more frequently than she/her/her, which is in turn predicted more frequently than

they/them/their. No model ever assigns xe/xem/xyr pronouns the highest likelihood.

Obtaining pronoun predictions without context as we do in this section is a popular

method to measure model bias, with numerous papers (Caliskan et al., 2017; May et al.,

2019; Kurita et al., 2019, inter alia) showing that associations between occupations and

pronouns are based on social gender stereotypes, e.g., doctor-he and nurse-she. More

recent work has shown that model pronoun predictions might be a statistical accident of

the chosen templates (Seshadri et al., 2022; Selvam et al., 2023), and that intrinsic biases

may not correlate with downstream harms (Goldfarb-Tarrant et al., 2021). In order to

test for such extrinsic behaviours, the rest of this chapter examines whether models can

override their intrinsic statistical biases on these same templates when provided the

right pronoun to use.
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Figure 6.6: Pronoun fidelity by model with an introductory context. Accuracy is averaged across

occupations, pronouns and grammatical cases, and is above chance (0.25) but below

human performance (1.0).

6.6 Injecting an Introductory Context

When models are provided with an introductory sentence explicitly establishing the

pronoun to use for an entity, can they use that pronoun to refer to the same entity in the

immediate next sentence?

Example: The accountant had just eaten a big meal so her stomach was full. The

accountant was asked about ___ charges for preparing tax returns.

Correct answer: her

As Figure 6.6 shows, all models perform better than chance at pronoun fidelity

with a simple introduction (up to 0.95 with MOSAICBERT), but not as well as humans,

who achieve perfect performance. We also see improvements with increasing model

scale, with the exception of ALBERT-V2, as in Tay et al. (2023).

Which pronouns are harder? Even in the simplest case of the pronoun fidelity task,

patterns emerge when split by pronoun, as shown in Figure 6.7. Overall model accuracy

on he/him/his is significantly higher than she/her/her, which in turn is significantly

higher than both they/them/their and xe/xem/xyr, in line with previous findings that

language technology has gaps when it comes to neopronouns (Lauscher et al., 2023).

Models show intriguing patterns with these last two pronoun sets. Most encoder-only

models appear to handle the neopronoun better than singular they (e.g., BERT-LARGE
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Figure 6.7: Pronoun fidelity by model with an introductory context, split by pronoun series.

Model accuracy is compared to chance (0.25) and human performance (1.0) and *

denotes statistical significance.

has an accuracy of 0.78 on xe/xem/xyr compared to 0.60 on they/them/their), which

warrants further investigation. Decoder-only models smaller than 6.7B parameters

struggle with the neopronoun, with every OPT and PYTHIA model smaller than 2.7B

parameters performing below chance, and in some cases (e.g., PYTHIA-14M, PYTHIA-

70M and PYTHIA-160M) even performing close to 0.0. Beyond this scale, however,

models perform better on xe/xem/xyr than on singular they, with LLAMA-13B achieving

0.96 accuracy on the neopronoun. These differences are statistically significant. As the

training data for individual model families is the same, this might suggest that decoder-

only models generalize to novel pronouns starting at the scale of 6.7B parameters. In

either case, our observations could also explain the poor performance that some previous

studies of neopronouns find, as the largest model that Hossain et al. (2023) experiment
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with, for instance, is OPT-6.7B. The lower performance of bigger models with singular

they could also be a reflection of human processing difficulties with definite, specific

singular they, as has been observed in linguistics (Conrod, 2019).

Which architectures are better? As Figure 6.1 shows, encoder-only models are

much better than decoder-only models of the same scale, and their performance is

comparable to or better than decoder-only models that are orders of magnitude larger;

ROBERTA-BASE (125M) is 0.86 accurate compared to OPT-125M’s 0.55, and exceeds

OPT-66B’s 0.83 despite being more than 500 times smaller. Possible reasons for

this include that bidirectional attention in encoder-only models results in a stronger

encoding of co-referring expressions. These results are striking in light of the fact that

decoder-only models are the most popular architecture of today’s best large language

models, despite showing poorer performance on something as fundamental as reusing a

previously-specified pronoun in this simple setting.

6.7 Discussion

Our results highlight the need for more extrinsic evaluations and raise questions about

reasoning and the effects of architecture, which we elaborate on below:

The importance of extrinsic evaluations. Although work on fairness has histori-

cally focused on intrinsic evaluations of stereotypes, our experiments add to the growing

body of work showing that extrinsic evaluations contradict results from intrinsic eval-

uations, which are often presumed to be directly connected. In fact, as Nissim et al.

(2020) argues, intrinsic evaluations even sometimes presume their conclusions due

to certain choices during evaluation and implementation. Our work shows that even

when language models have intrinsic pronominal associations for certain occupations,

this does not preclude them from reasoning about a different set of pronouns when

necessary. In the case of xe/xem/xyr pronouns, in particular, the evidence is particularly
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compelling: No model has intrinsic stereotypical associations with this neopronoun set,

yet most models are able to successfully reuse it more than random chance.

Are we really seeing pronominal reasoning? Although we see good performance

on pronoun fidelity with encoder-only models and large decoder-only models, the

question remains whether this good performance is due to really “reasoning” about

co-referring expressions the way humans do, i.e., learning a mapping between a person

and a pronoun set, and then applying it in future contexts. A language model could

conceivably also simply be “repeating” the pronoun without reasoning at all, with im-

portant implications for reference if they cannot truly reason to overcome stereotypical

biases. This question is explored in more detail in the following chapter.

How exactly does architecture influence performance? Referring to ALBERT-

V2, BERT, ROBERTA and MOSAICBERT as encoder-only models, and OPT, PYTHIA

and LLAMA-2 as decoder-only models conflates several specific differences between

them. In general, the models we refer to as encoder-only have bidirectional attention,

i.e., can attend to left and right tokens, and are often trained with masked language

modelling. In contrast, the models we refer to as decoder-only have unidirectional

attention, i.e., can attend only to left tokens, and are typically trained for the task of next

token prediction. In addition, they are evaluated differently in our setup, with pseudo

log likelihoods for the former and log likelihoods for the latter. Further investigation is

needed to disentangle these different factors, each of which could impact our results.

6.8 Related Work

Misgendering. Hossain et al. (2023) and Ovalle et al. (2023a) both study mis-

gendering when models are prompted with a pronoun series to use for an individual.

Hossain et al. (2023) evaluates misgendering with stereotypically gendered names and

explicit pronoun declarations (e.g., by using Alex’s pronouns are they/them/theirs. as an

introductory sentence), while we study occupational biases via definite descriptions that
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are introduced in a naturalistic way. Ovalle et al. (2023a) evaluates misgendering in a

variety of context but only focuses on open-ended generation with decoder-only models,

in contrast to our probability-based evaluations with a range of architectures. Our evalu-

ations are thus complementary, as Subramonian et al. (2025) has shown that probability-

and generation-based evaluations measure different capabilities and disagree with each

other on 20% of instances.

Faithful pronoun use. In contrast to our examination of within-language pronoun

use, faithful pronoun use in context has been studied extensively in machine transla-

tion (Müller et al., 2018; Voita et al., 2018; Fernandes et al., 2023), where there is also a

ground truth. Similar to our work, Sharma et al. (2022) injects context with an explicit

coreference to encourage faithful pronoun translation.

Pronouns and occupational bias. Stereotypical associations between pronouns

and occupations have been studied in masked token prediction (Kurita et al., 2019;

Vassimon Manela et al., 2021; Tal et al., 2022) and embeddings (Bolukbasi et al.,

2016; Zhao et al., 2019), but these studies typically use brittle methodology (Gonen

and Goldberg, 2019; Seshadri et al., 2022) and measure intrinsic bias, which may not

translate to extrinsic bias or harms (Goldfarb-Tarrant et al., 2021). Unlike these works,

we evaluate extrinsic bias through our focus on natural pronoun use in context.

6.9 Limitations

Our task as it is defined in Section 6.2 is much broader than the scope of our dataset.

We focus on occupations due to the wide attention they have received in prior literature,

but we continue a long tradition of ignoring biases relating to the participants, e.g.,

child, taxpayer, etc. In addition, pronoun fidelity is only one dimension of inclusive

language model behaviour and faithful reference, and indeed only one way in which

misgendering occurs in language, even in morphologically poor languages like English.
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We take steps to prevent data contamination following Jacovi et al. (2023), in-

cluding not releasing our data in plain text, and not evaluating with models behind

closed APIs that do not guarantee that our data will not be used to train future models.

However, as we cannot guarantee a complete absence of data leakage unless we never

release the dataset, we encourage caution in interpreting results on RUFF with models

trained on data after March 2024.

6.10 Conclusion

In this chapter, we introduced the task of pronoun fidelity to evaluate whether lan-

guage models can overcome their stereotypical occupational biases and do pronominal

reference correctly. With RUFF, a dataset we designed to measure pronoun fidelity,

we evaluated several models of different architectures. Our results show that overall,

models are indeed able to overcome stereotypical biases to reuse a pronoun that was

shown to them earlier, but encoder-only and decoder-only models differ dramatically in

their performance at the same scale. Models show significant performance disparities

with neopronouns, singular they and she/her/her, compared to he/him/his, in a setting

that is simple for humans. Overall, our results highlight the importance of extrinsic

evaluations of whether language models perpetuate or amplify discrimination against

users of certain pronouns. One question about our results that remains unanswered

is whether we are seeing true pronominal reference, or simply shallow repetition of

referring expressions. We turn to this question next.
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Pronoun Fidelity with Multiple Referents

When models do faithful reference, are they really reasoning, or are they simply shal-

lowly repeating previous tokens? To disentangle reasoning from repetition in the context

of faithful pronoun use, we introduce robust pronoun fidelity, the task of reusing a pro-

noun for an individual in a narrative about two people. Concretely, given a context

introducing an entity with a co-referring definite description and pronoun, the task is to

reuse the correct pronoun for that entity later, independent of intervening sentences that

discuss a second entity with a different pronoun. To measure robust pronoun fidelity in

English, we augment the RUFF dataset from the last chapter with carefully-designed

non-adversarial “distractors,” resulting in over 5 million instances. We use it to evaluate

the same 37 model variants from nine popular families, across architectures (encoder-

only, decoder-only and encoder-decoder) and scales (11M-70B parameters), and find

that the pronoun fidelity of these models is not robust, despite this being a simple,

naturalistic setting where humans achieve 99.8% accuracy. Models are easily distracted

by sentences discussing other people, and even one sentence with a distractor pronoun

causes accuracy to drop on average by 34 percentage points. Surprisingly, encoder-only

models are better at this task than decoder-only models that are orders of magnitude

larger. We encourage researchers to bridge the gaps we find and to carefully evalu-

ate reasoning in settings beyond reference where superficial repetition might inflate

perceptions of model performance.

The content in this chapter is based on:

91
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Vagrant Gautam, Eileen Bingert, Dawei Zhu, Anne Lauscher, and Dietrich Klakow

(Dec. 2024a). “Robust Pronoun Fidelity with English LLMs: Are they Reasoning,

Repeating, or Just Biased?” In: Transactions of the Association for Computational

Linguistics 12, pp. 1755–1779. ISSN: 2307-387X. DOI: 10.1162/tacl_a_00719. URL:

https://doi.org/10.1162/tacl_a_00719

Vagrant Gautam conceptualized the research, created the dataset together with

Eileen Bingert, analyzed the results, and led the paper writing. Dataset validation was

performed by Vagrant Gautam and Eileen Bingert. Vagrant Gautam and Dawei Zhu

performed experiments, and Anne Lauscher and Dietrich Klakow advised and provided

feedback.

7.1 Introduction

As social beings, we humans interact with a large number of individuals whom we

subsequently need to refer to in language, for which there is a variety of referring

expressions that we can choose from and must disambiguate in context. The process

of both producing and perceiving these referring expressions requires sophisticated

reasoning, particularly since (in different contexts) the same surface-level expression

can refer to a different individual, and we can refer to the same individual with multiple

referring expressions. This complexity makes for a fascinating testbed for LLMs.

In the last chapter, we saw that LLMs show pronoun fidelity in a simple setting, but

were unable to say whether this was due to real “reasoning” as in humans, or shallow

repetition of previous tokens. To investigate this, we design a more complex setting with

multi-person reference, in order to measure robust pronoun fidelity (Section 7.2). Going

beyond the previous chapter’s focus on a single individual at a time, we augment RUFF

(Section 7.3) to create a large-scale dataset of over 5 million instances of narratives with

two referents, using two different sets of pronouns. With this dataset, we present an

analysis of robust pronoun fidelity across the same 37 language model variants across

architectures and scales, to investigate whether models are reasoning or repeating.

https://doi.org/10.1162/tacl_a_00719
https://doi.org/10.1162/tacl_a_00719
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The accountant was asked about ___ 
charges for preparing tax returns.

The accountant had just eaten
a big meal so her stomach was full.Introduction

Task

❌ xyr❌ his

Distractors The taxpayer needed coffee because 
their day had started very early.

Robust Pronoun Fidelity: A Test of Model Reasoning

✅ her ❌ their

RoBERTa-large

Llama-2-70B

Human (average of 2 annotators)

Random

A
cc

ur
ac
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Number of distractor sentences

Figure 7.1: Model accuracy at using the correct pronoun for an entity when provided with

an explicit introduction and 0-5 non-adversarial distractor sentences. LLAMA-2-

70B and ROBERTA-LARGE show large accuracy drops with just one distractor.

Accuracy is averaged over 3 data splits; standard deviation is shown with shading.

We first test the robustness of pronoun fidelity to naturalistic distractor sentences

(Section 7.5), and find that even one non-adversarial distractor sentence vastly deterio-

rates model performance, as shown in Figure 7.1. This provides evidence that when

LLMs show pronoun fidelity in a simple setting with no distractors, this is not due to

robust reasoning about reference. As before, we find that encoder-only models are much

stronger than decoder-only models.

Then, we perform a detailed error analysis (Section 7.6) where we disentangle

whether model errors can be attributed to distraction, i.e., simply repeating the distractor

pronoun, or whether they fall back to their stereotypical biases. Our results show

that most errors across models are distraction errors, indicating shallow repetition of
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the last seen pronoun. However, encoder-only and decoder-only models behave in

fundamentally different ways with an increasing number of distractors.

Overall, our results show that models struggle to reason about pronouns in a

simple, naturalistic setting, and highlight the need for careful task design to ensure that

superficial repetition does not lead to inflated claims about model reasoning even in

settings beyond reference. We release all code and data to encourage researchers to

bridge the gaps we find: https://github.com/uds-lsv/robust-pronoun-fidelity.

7.2 Robust Pronoun Fidelity Task

Discussing multiple individuals is natural, frequent and well-studied in discourse; we

use both definite descriptions and pronouns in natural language to establish continuity

and coherence (Grosz et al., 1995). In our revised task definition, we formalize a version

of these phenomena: Given a context in which an entity is introduced with a co-referring

definite description and pronoun, the task is to reconstruct the pronoun later in a sentence

about the entity, independent of a limited number of potential distractors, which include

other, non-overlapping definite descriptions and pronouns.

Introduction: The accountant had just eaten a big meal so her stomach was full.

(OPTIONAL)

Distractor 1: The taxpayer needed coffee because their day had started very early.

. . .

Distractor N: Their sleep had been fitful.

Task sentence: The accountant was asked about ___ charges for preparing tax

returns.

More formally, as before, an introduction sentence i(ea, pa) establishes a corefer-

ence between an entity ea and a pronoun pa. A distractor sentence d(eb,pb) explicitly

establishes or implicitly continues a previously-established coreference between a dif-

ferent entity eb and a different pronoun pb, i.e., ea 6=eb and pa 6=pb. Let D(eb,pb) be a set

https://github.com/uds-lsv/robust-pronoun-fidelity
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Instantiate distractors with the corresponding participant
(taxpayer) and a different pronoun (e.g., their)

Instantiate introduction with the occupation 
(accountant) and a pronoun (e.g., her)

The {OCCUPATION} had just eaten
a big meal so ___ stomach was full.

The accountant was asked about ___ 
charges for preparing tax returns.

The {PARTICIPANT} needed coffee 
because ___ day had started very early. ___ sleep had been fitful. …

Task template

The accountant had just eaten
a big meal so her stomach was full.

The accountant was asked about ___ 
charges for preparing tax returns.

The taxpayer needed coffee because 
their day had started very early. Their sleep had been fitful.

Context templates

Figure 7.2: Template assembly for RUFF: Occupation-specific task templates are matched

with generic context templates (introductions and optional distractors) that are

instantiated with disjoint pronoun sets. This creates realistic but controlled narratives

that allow us to measure robust pronoun fidelity.

of distractor sentences such that 0 ≤ |D(eb,pb)| ≤ N . When combined, an introduction

sentence and the set of distractor sentences form a context. A task sentence t(ea, p)

contains an unambiguous coreference between the entity ea from the introduction and a

pronoun slot p which must be filled. The task is to maximize

P [ t(ea, p = pa) | i(ea, pa), D(eb,pb) ] , (7.1)

the probability P of reconstructing the correct pronoun pa in the sentence t(ea, p),

given the context, which now includes distractor sentences.

7.3 Augmented RUFF Dataset

To evaluate robust pronoun fidelity at scale, we augment the RUFF dataset by extend-

ing occupation-focused narratives to include a relevant participant. Each new dataset

instance describes a simple narrative with 2 people that requires pronominal reason-

ing to solve. We use the same four pronoun sets as before (he/him/his, she/her/her,

they/them/their, and xe/xem/xyr), and participants are matched to the same 60 occu-

pations as in Chapter 5 (see Appendix A.1 for a full list of pairings). In total, RUFF

contains over 5 million data instances of different lengths. Each instance is designed to

have an unambiguous answer (Section 7.3.1), and once again, we validate a subset of

the final instances (Section 7.3.2).
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7.3.1 Template Creation and Assembly

Our task templates and introduction templates are created as described in the previous

chapter. Here, we focus on how distractor templates are created and instances are

assembled.

Distractor templates. To introduce distractor entities, we have the same constraints

as before, i.e., that they should be: (1) Flexible across different occupations and par-

ticipants, for a controlled setting to test robustness; (2) cohesive in a multi-sentence,

multi-entity narrative leading up to the task template about an occupation; and (3)

neutral, not dramatically affecting the prediction of any pronoun.

Once again, semantically-bleached templates such as He is an accountant are

not ideal, as they are unnatural to stack together consecutively.1 Thus, the best option

remains to use the same context templates that were used for the introductions, as

they are generic, universal themes (e.g., hungry/full, tired/energetic, unhappy/happy,

etc.), which can be flexibly used for all occupations and participants. Templates of the

same polarity can also be stacked into a cohesive narrative about an individual, e.g., a

narrative about a taxpayer having a bad day after sleeping poorly and missing a meal.

Explicit and implicit templates. To reflect natural and coherent use of pronouns in

discourse, we create a total of 60 context templates, consisting of 10 explicit and 10

implicit templates per grammatical case. Each explicit template explicitly demonstrates

the coreference between an individual and a pronoun using a subordinate clause, e.g.,

The taxpayer needed coffee because their day had started very early. An introduction

and the first distractor template are always sampled from the explicit templates, as this

reflects how we introduce new entities in discourse. Subsequent distractors are sampled

from the implicit templates, which are simple sentences which only contain a pronoun

as the subject, e.g., Their sleep had been fitful.

1 One notable exception to this is “He was a boy, she was a girl,” from Lavigne et al. (2002).
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For both the explicit and implicit cases, we create five templates with terms with

positive connotations (e.g., full, happy), and five templates with the opposite polarity

(i.e., hungry, unhappy). We use exp_posi to denote the i-th positive explicit template

where i ranges from 1 to 5; exp_negi is the corresponding negative version. Similarly,

imp_posi indicates the i-th positive implicit template.

Selection and assembly. Figure 7.2 shows how we instantiate and combine tem-

plates to assemble our data instances: First, we select an occupation (ea) and one of its

task templates. We pick one of four pronouns (pa) to use as ground truth and instantiate

a random explicit context template with the selected occupation and pronoun.

Data type Number of instances

With no context

Task sentences 180

With introductory context

+ 0 distractors 3 x 2,160 (of 7,200)

+ 1 distractor 3 x 2,160 (of 86,400)

+ 2 distractors 3 x 2,160 (of 345,600)

+ 3 distractors 3 x 2,160 (of 1,036,800)

+ 4 distractors 3 x 2,160 (of 2,073,600)

+ 5 distractors 3 x 2,160 (of 2,073,600)

Table 7.1: Number of dataset instances. Pronoun fidelity instances consist of task instances

combined with introductory contexts and optional distractors. We subsample 3 sets

of 2,160 sentences (of the total number of instances we created).

After this, we insert a variable number of distractor sentences between the intro-

duction and task sentences, discussing a participant eb with a different pronoun pb. We

pick an explicit context template to use for the first distractor, limiting ourselves to

the five templates of the opposite polarity of what we picked for the introduction, and

also excluding the template of the same index and opposite polarity. For example, if
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we chose exp_pos3 as our introductory template, we would choose our first distractor

template from {exp_neg1, exp_neg2, exp_neg4, exp_neg5}.

After making a choice for the first distractor template, we fill it with any of the three

remaining pronouns and then we remove this template’s index from our pool, but re-add

the index of the introductory template. This is because subsequent distractor templates

always use implicit templates. For example, if we chose exp_neg4 as our first distractor

template, we would now choose from {imp_neg1, imp_neg2, imp_neg3, imp_neg5}.

For subsequent distractor templates, we sample without replacement from these implicit

templates. Our maximum instance length is therefore seven sentences, i.e., one explicit

introduction, one explicit distractor, four implicit distractors, and one task sentence.

Data statistics. All data statistics are shown in Table 7.1, and even with one dis-

tractor, we have 86,400 unique instances because we instantiate 4 different distractor

templates with 3 sets of previously unused pronouns. Our stackable dataset design

allows us to generate a vast amount of data of varying lengths, giving us a controlled

setting to disentangle reasoning and repetition behaviourally. As before, we subsample

the data with three random seeds for the rest of our evaluation, ensuring that all occupa-

tions, cases, pronoun declensions and distractor pronouns are equally represented in

each subsampled set of 2,160 sentences.

7.3.2 Data Validation

As before, we validate all task and context templates, as well as a sample of 100

robust pronoun fidelity instances for each number of distractors (1-5), for a total of 500

new instances. One author and one annotator had to fill in the pronoun and they each

performed with 99.8% accuracy. They disagreed on non-overlapping instances which

appeared to be random slips. Annotator information is shown in Appendix A.2 and all

annotator instructions are provided in Appendix A.3.
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7.4 Experimental Setup

Our experimental setup is identical to the setup described in Section 6.4, with probability-

based and prompting-based evaluations of encoder-only, decoder-only, and encoder-

decoder models. For brevity, this description is omitted here.

7.5 Adding Distractors

To probe whether models actually “reason” when provided with context, we system-

atically inject sentences containing distractor pronouns between the introduction and

the task, reflecting a natural usage scenario where multiple people are discussed with

definite descriptions and pronouns, as in the example below. We report results first with

probability-based evaluation, then prompting, and finally, chain-of-thought prompting.

Example: The accountant had just eaten a big meal so her stomach was full. The

taxpayer needed coffee because their day had started very early. Their sleep had

been fitful. The accountant was asked about ___ charges for preparing tax returns.

Correct answer: her

7.5.1 Probability-Based Evaluation

Figure 7.3 shows that the addition of even one distractor dramatically degrades perfor-

mance for all models. This indicates that the pronoun fidelity that models display in

the zero-distractor setting is non-robust and likely not due to reasoning. However, as

additional distractors are added, encoder-only and decoder-only models show different

performance curves: All decoder-only models get steadily worse, whereas encoder-only

models perform the worst with one distractor and then seem to slowly recover, never

quite reaching their level of performance with no distractors. Scaling generally holds
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Figure 7.3: With more distractors, decoder-only models (above) get steadily worse; encoder-

only models (below) get worse with one distractor and then recover, plateauing

below their no-distractor accuracy.

within model families, with larger models performing better with more distractors than

smaller models of the same type.

Figure 7.4 examines the interplay of scaling and architecture at a higher level on

the hardest version of our task, with five distractors. We find that encoder-only models

are far better than all decoder-only models, which show dramatically degraded

performance; LLAMA-70B only achieves 0.37 accuracy, compared to MOSAICBERT’s

impressive 0.87. The lack of robustness of decoder-only models to distractors is striking,

as most state-of-the-art models today are decoder-only models. We hypothesize that

encoder-only models might use bidirectional attention to more closely relate the entity

mentions in the introduction and task sentences, and computing pseudo log likelihoods

creates multiple opportunities for this to affect the final answer. Conversely, training on

next token prediction might also make decoder-only models prone to recency bias.
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Figure 7.4: Scaling behaviour by architecture with 5 distractors. Encoder-only models are far

better than all decoder-only models, including ones that are orders of magnitude

larger.

7.5.2 Vanilla Prompting

Prompting is a different model evaluation mechanism than log likelihoods, with higher

task demands that lead to lower performance than log likelihoods with both base models

and instruction fine-tuned chat models (Hu and Levy, 2023; Hu and Frank, 2024; Kauf

et al., 2024). We thus expect vanilla prompting results (using the prompts listed in

Appendix B.2) to be worse than results with log likelihoods. Indeed, Figure 7.5a shows

that LLAMA-2-CHAT prompting performance is lower than LLAMA-2 evaluated with

log likelihoods, even with no distractors. Figure 7.5b shows the results of standard

prompting with FLAN-T5, an encoder-decoder model which shows similar patterns of

degradation to decoder-only models. Bigger models are mostly better and degrade more

gracefully than the smaller ones, but there remains a lot of variance across prompts, as

shown in the box plots.
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Figure 7.5: Performance of chat models (LLAMA-2-CHAT and FLAN-T5) with additional

distractors, using vanilla prompting. The boxplots show the range of performance

across 10 different templates.

7.5.3 Chain-of-Thought Prompting

As FLAN-T5-XXL shows strong performance with low variance compared to all the

other chat models we consider, we focus on this model for additional evaluation with

chain-of-thought prompting. Zero-shot chain-of-thought prompting encourages models

to “think step-by-step” to produce a reasoning chain to condition on before obtaining

the final answer. While chain-of-thought prompting is excessive for a task as simple

as pronoun fidelity, it might encourage the model to explicitly list the referents and

associated pronouns, which, in theory, could help the model predict the correct pronoun
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Figure 7.6: Performance of FLAN-T5-XXL with distractor sentences, comparing vanilla

prompting to two types of chain-of-thought prompting, using the model’s final

answers (above) or the model’s chain of thought (below) for evaluation. The box-

plots show the range of performance across 10 different templates.

with higher accuracy. In practice, however, we find that it leads to worse performance,

due to noisy reasoning chains.

Figure 7.6a shows the pronoun fidelity of FLAN-T5-XXL with different types

of chain-of-thought prompting, based on the final answer the model provides. Both

types of chain-of-thought prompting worsen performance and increase the variance

across prompts compared to vanilla prompting. When examining model-generated

answers and chains of thought, we found that FLAN-T5-XXL does not in fact solve

the problem step by step as the instruction suggests. Instead, the chain of thought often

already contains an answer, and the final answer is not necessarily the same as this one.

Therefore, we also plot performance using answers from the model-generated chain of

thought in Figure 7.6b. Once again, performance with 1-5 distractors is much lower,
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showing that chain-of-thought prompting degrades performance compared to vanilla

prompting. However, with no distractors, performance is almost exactly the same as

vanilla prompting, as models simply generate the answer within the chain of thought.

This reinforces that chain-of-thought is unhelpful for a task this simple.

7.6 Distractibility versus Bias

In adding distractor sentences, we add distance from the introduction via additional

tokens that might make the model “forget” the original occupation-pronoun associa-

tion, and the distractor pronoun also acts as a competing token that the model might

accidentally repeat. In this section, we focus on the error cases to disentangle whether

models are “forgetting” and reverting to biased predictions from Section 6.5 in the last

chapter, or if they are actually being distracted. When a model gets the answer wrong, it

is for one of three reasons: (1) Distractibility, i.e., repeating the distractor pronoun, (2)

bias, i.e., reverting to the model’s context-free prediction, or (3) picking an unrelated

pronoun. Our example illustrates all three possibilities, and we hypothesize that the first

two possibilities are much more frequent than the third.

Context-free (Section 6.5)

Example: The accountant was asked about ___ charges for preparing tax returns.

Prediction: his

With introduction and distractors (Section 7.5)

Example: The accountant had just eaten a big meal so her stomach was full. The

taxpayer needed coffee because their day had started very early. Their sleep had

been fitful. The accountant was asked about ___ charges for preparing tax returns.

Correct answer: her

Distraction error: their

Bias error: his

Other error: xyr
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In cases where the distractor pronoun is the same as the model’s context-free

prediction, it is impossible to disentangle distractibility and bias just from the model’s

prediction. Hence, we exclude these and focus on the unambiguous error cases. As

expected, we find that 74-93% of unambiguous model errors can be attributed to either

model distractibility or bias.

We first examine model distractibility, i.e., what percentage of errors are caused by

models repeating the distractor pronoun instead of the correct pronoun. As expected,

Figure 7.7 shows that across models, distraction is indeed the primary type of error for

most models. Decoder-only models get increasingly distracted with more distractors,

i.e., the proportion of errors due to distractor pronoun repetition steadily increases as

distractors are added, saturating just below 85%. On the other hand, encoder-only

models seem to become less distractible with the addition of more distractors. We

know from the previous section that encoder-only models recover in their pronoun

fidelity with 2-5 distractors, but here we measure distractibility as a percentage of all

errors. Thus, a constant or increasing proportion of all the model errors could be due

to distraction, and the fact that this is not the case for encoder-only models is quite

surprising! We leave it to future work to investigate whether this behaviour relates to

positional bias or context use.

As their proportion of distraction errors goes down, encoder-only models increas-

ingly revert to biased predictions. With BERT-LARGE in particular, as soon as there

is more than one distractor, the biggest proportion of errors is due to bias rather than

distraction. BERT-LARGE appears more biased and less distractible than BERT-BASE,

in contrast to all other models. Generally, larger models seem to be more distractible

and revert to their bias less often, whereas smaller models are more biased and less dis-

tractible. Our findings on bias errors contrast with Tal et al. (2022), where larger models

make a higher proportion of bias errors on a downstream task than smaller models. This

might be due to our task having distractors, which seem to strongly influence model

behaviour in this setting.

The high distractibility of all models shows that models are not robust reasoners,

and the contrast in error behaviour between encoder-only and decoder-only models
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Figure 7.7: Trends in model distractibility (use of the distractor pronoun) and model bias

(reverting to the context-free prediction). With more distractors, the proportion of

errors due to distraction increases for decoder-only models (above) and decreases

for encoder-only models (below).

further highlights their differences. This shows that claims about decoder-only models

should not be applied to all LLMs, and that reasoning must be evaluated carefully,

accounting for the possibility of inflated performance due to shallow heuristics like

repetition, even in settings beyond reference.

7.7 Discussion

Our results show that even the biggest models of today are not up to the task of faithful

reference once it includes a single sentence discussing another person. All models are

easily distracted, but encoder-only models and decoder-only models show very different

patterns both in performance degradation with more distractors, and their reasons for

errors. Performance on such reasoning tasks should be evaluated carefully, with attention
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to how the overall patterns break down by different pronouns, and accounting for the

possibility of repetition. Below we expand on some questions raised by our findings.

Improving robust pronoun fidelity. A natural direction of future work is to solve

the problem of robust pronoun fidelity, particularly in decoder-only models, which

are unlikely to be replaced by encoder-only models with poorer generation abilities.

A promising direction might be to encourage models to explicitly track associations

between individuals and pronoun sets, just as people do. In fact, prior work has noted

success with generative models when explicitly tracking mentions of entities across

multiple tasks (Ji et al., 2017) and in the context of story generation (Fan et al., 2019).

We urge researchers interested in this direction to treat RUFF as an evaluation dataset,

as it was designed. Due to the presence of positional and associative heuristics (see

Limitations), RUFF should not be seen as a source of data for fine-tuning or in-context

learning, which is also why we do not run these experiments.

On “reasoning.” Throughout this chapter, we refer to “reasoning,” but this is

somewhat inaccurate. Even the higher performance of encoder-only models cannot

accurately be attributed to “reasoning” in the same way that we use this word for

humans, as these models are not accustomed to doing reference with real referents,

nor are they grounded in meaning from the real world (Bender and Koller, 2020). We

use the word reasoning in line with other work in the field, but note that as these are

all language models, it is perhaps more accurate to say that the way that decoder-only

models model language is prone to repetition—or stochastic parroting (Bender et al.,

2021)—of recent examples of the same word class, compared to encoder-only models.

Why exactly do we see the patterns we see? Our dataset design and error analysis

shed light on model behaviour, allowing us to evaluate different architectures compara-

bly and disentangle the effects of repetition, distraction and statistical bias. However, it

is beyond the scope of this paper to investigate where in the model architecture, neurons

or pre-training data this comes from and what we can do about it towards improving
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reasoning and mitigating bias. Tools for model interpretability, e.g., attribution analysis,

could help here, and are an important direction for future work.

Beyond our dataset. Given the breadth of our task definition, future work could

examine pronoun fidelity with different referring expressions, e.g., for participants, for

names by extending Hossain et al. (2023), with differently ordered sentences, with

real-world data as in Webster et al. (2018) and Levy et al. (2021), and in domains

beyond simple narratives (Pradhan et al., 2013). Additionally, we evaluate on a version

of this task that allows us to quantify repetition, i.e., the grammatical case of the elicited

pronoun is the same as the case shown in the context. Examining model performance

where a pronoun is shown in one grammatical case and then elicited in a different one

would be interesting to probe syntactic generalization with pronouns.

7.8 Related Work

Pronoun fidelity. As mentioned in the previous chapter, work on pronoun fidelity

and misgendering has, with the exceptions of Hossain et al. (2023) and Ovalle et al.

(2023a), has focused on machine translation (Müller et al., 2018; Voita et al., 2018;

Sharma et al., 2022; Fernandes et al., 2023, inter alia). However, none of these papers

explore the robustness of pronoun fidelity in the presence of distractors.

Reasoning with pronouns. Most existing work about LLM reasoning with pro-

nouns focuses on the task of coreference resolution, i.e., the ability to identify the

connection between a pronoun and an entity, which may not translate to faithful reuse

of that pronoun later, as in our work. Reasoning with pronouns typically uses Winograd

schemas (Levesque et al., 2012; Abdou et al., 2020; Emelin and Sennrich, 2021), or

Winograd-like schemas about named individuals (Webster et al., 2018; Zhao et al.,

2018), or people referred to by their occupation (Rudinger et al., 2018; Levy et al.,

2021). Most studies focus on he and she, but recent work has expanded to include
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singular they (Baumler and Rudinger, 2022) and neopronouns (Cao and Daumé III,

2021; Felkner et al., 2023), as we do here and in Chapter 4.

Robustness in context. The impact of context on the robustness of language model

reasoning has been investigated in many areas other than pronoun fidelity, e.g., nega-

tion (Gubelmann and Handschuh, 2022), linguistic acceptability (Sinha et al., 2023),

natural language inference (Srikanth and Rudinger, 2022), and question answering (Liu

et al., 2024; Levy et al., 2024).

7.9 Limitations

In addition to the limitations outlined in the previous chapter, we wish to highlight the

problem of shallow heuristics: Much of the recent progress on reasoning datasets has

been critically investigated and shown to often be a result of spurious correlations and

dataset artifacts (Trichelair et al., 2019; Elazar et al., 2021). We caution readers that our

dataset also gives a very generous estimate of model reasoning performance, as many

of our task sentences are not “Google-proof” (Levesque et al., 2012), i.e., they can be

solved with shallow heuristics such as word co-occurrences. Consider the following

task sentence: The janitor said not to step on the wet floor, otherwise ___ would have to

mop it all over again. Janitor is more strongly associated with mop than child, which

could easily be exploited by models to solve the dataset without solving the task with

something resembling “reasoning.” Another shallow heuristic that can be used to solve

our current dataset is to simply return the first pronoun in the context, which happens to

always be the correct answer. Our dataset design is flexible and allows for the creation

of other orderings of sentences, but this is another example of why our dataset in its

current form should only be used as an evaluation dataset, and models should not be

pre-trained or fine-tuned with any splits of our data, nor provided with examples for

in-context learning.
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7.10 Conclusion

In this chapter we tried to answer research question 4 by investigating whether the

faithful pronoun use we saw in the last chapter was due to robust reasoning about

reasoning, or simply shallow repetition of referring expressions. To do this, we presented

an evaluation of robust pronoun fidelity with large language models, by extending the

RUFF dataset to over five million narratives discussing two individuals with different

referring expressions. Even adding a single sentence about a second individual with a

different pronoun causes accuracy to drop dramatically, showing that pronoun fidelity is

neither robust to non-adversarial distractors nor due to “reasoning.” These results hold

across probability- and prompting-based evaluations, including with chain-of-thought

prompting. As more distractor sentences are added, encoder-only models perform better

overall, but increasingly revert to biased predictions, while decoder-only models get

increasingly distracted. Our results show that in a setting that is very simple for humans,

widely-used large language models are unable to robustly and faithfully reason about

pronouns, and continue to amplify discrimination against users of certain pronouns. We

encourage researchers to bridge the performance gaps we report and to more carefully

evaluate “reasoning” in all contexts where simple repetition could inflate perceptions of

model performance.



8
Future Work

We have now seen four studies spanning theoretical arguments and empirical experi-

ments related to the fair and faithful use of referring expressions in NLP. These chapters

motivate many unexplored follow-up questions, which I wish to touch on before con-

cluding. Therefore, in this chapter, I outline problems and ideas for future work on

reference (including both more complex reference and reference beyond English text). I

also touch on the future of fairness and faithfulness, both in the context of reference

and as it relates to my overarching goal of trustworthy NLP.

8.1 More Complex Reference

This thesis deals primarily with the simplest, most prototypical forms of reference, i.e.,

names, pronouns, and definite descriptions that unambiguously refer to individuals.

Reference in the wild is far more complicated and contextual, and several long-tail phe-

nomena in reference—particularly, forms of trans languaging—are virtually unexplored

in NLP. In this section, I wish to highlight a few such examples that are worthy of

future study. All of these are real-world examples which I sourced with consent from

my network of friends and acquaintances for my keynote presentation at the Queer in

AI workshop at NAACL 2025.
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8.1.1 Neopronouns

While pronouns have long been treated as a closed-class part of speech, the following

English examples show neopronoun and nounpronoun use, phenomena which, Lauscher

et al. (2022) argue, motivates an open-class model of pronouns. Their corpus study of

Reddit reveals examples of neopronouns, i.e., novel sets of pronouns, and nounpronouns,

which are typically a pronoun set derived from a noun (Miltersen, 2016). Two real-world

examples of neopronoun and nounpronoun use are shown below:

(1) a. Vagranti is winding down/sleeping now but will probably message you

this evening (xei’s in Germany)

b. this is Jaei. I went to grad school with crowi

This thesis considers one set of neopronouns—xe—whose use is illustrated in Example

(1-a). I chose this pronoun set for these papers as I use them myself, and they were also

the most popular neopronoun choice according to the global Gender Census (Lodge,

2023). Despite its popularity, there are a range of spellings online as well as in the

literature (Subramonian et al., 2025) for the full declension: xe/xem/xyr (as in our work),

xe/xyr/xyr, and xe/xir/xir. The impact of spelling variations on studies of LLMs is

understudied, and conversely, while all these variants follow predictable morphological

patterns, LLMs sometimes do not even predict the neopronoun form with the right

grammatical case in open-ended generation (Subramonian et al., 2025).

Moreover, not all long-tail pronoun phenomena are identical. For instance, the

full declension for the pronoun set in Example (1-b) is much simpler than for xe: It is

crow/crow/crow. While nounpronouns generally have much simpler declensions, they

are far more infrequent than xe pronouns on Reddit (Lauscher et al., 2022) as well as in

training data (Elazar et al., 2024). Neopronouns thus display a lot of diversity that make

them ideal to disentangle specific hypotheses about data-efficient generalization, the

impact of noise, morphological generalization, and more, in future work.
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8.1.2 Multiple Pronouns

One of the pronoun-related phenomena that Lauscher et al. (2022) do not treat in as

much depth is multiple pronoun use, i.e., using different sets of pronouns for a single

referent. This includes using different pronouns in different contexts accompanied

by different presentation, as well as even using different pronouns within the same

utterance. A real example is shown below where someone who uses he/they pronouns is

being spoken about in third person.

(2) I heard from a mutual friend that theyi were in Paris

[2 hours later]

It was so fun with Pranavi

The waiter smacked himi with a clipboard because hei asked if the pale ale was

slay

This raises questions not just about processing these co-referring expressions in NLP,

but also in the context of human linguistic processing. Although work on discourse

accounts for the fact that we can use multiple referring expressions for an individual

(e.g., Amira, she, the girl who crochets flowers), there is a widespread assumption that a

person maps one-to-one to a pronoun set. Similarly, as pronouns are so often used in

studies of human and LLM bias (including in my own work in this thesis), it is unclear

how this works with multiple pronoun use. Would masculine stereotypes activate with

the use of he/him/his, but be suppressed with the use of they/them/their? Would it

depend on other factors, including the context of the conversation and knowledge of the

referent? Multiple pronoun use is thus a fascinating phenomenon for future study both

in linguistics and in NLP.
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8.1.3 Pronouns and Gender

Users of multiple pronouns complicate the idea that people map one-to-one to pronouns,

but they also complicate traditional one-to-one mappings of pronouns to gender, more

so than we have already seen in Chapter 5. Table 8.1 displays the self-declared gender

of participants in a interview-based study of multiple pronoun users. For example, some

users of she/they identified as women, some as non-binary, some as non-binary women,

and so on. Meanwhile, he/they users could be men or genderqueer, and so on.

Pronouns Social gender

she/they woman, nonbinary, nonbinary woman, genderqueer woman,

person, questioning woman

he/they man, genderqueer, person

they/he nonbinary, nonbinary genderqueer

they/she queer, genderfluid lesbian

Table 8.1: Pronouns and self-declared gender of participants in Raclaw (2025).

In addition, the genders of she/they users have zero overlap with they/she users, in

a sample of 26 users of multiple pronouns. This shows that a mere different ordering

of pronoun sets reflects a different and rich set of meanings that people use to express

their gender identities. This semiotic richness is very difficult to quantify with purely

quantitative methodologies, and this points to the necessity of a future of NLP that

incorporates more multimethod and qualitative research.

8.1.4 Gender-“Mismatched” Reference

Gendered reference is additionally complicated by mismatches in lexical or conno-

tational gender, which can be used strategically by gender-diverse individuals for

multifaceted goals, including to affirm their identity, for continuity of reference, and so

forth. The examples below illustrate this, with gender mismatches bolded.
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(3) a. this is katei, theyi’re [NAME]’s gfi!!

b. go find daddyj and ask themj for a treat for the cats

c. That’s [NAME]k. Theyk’re [one of my gay aunts]k

d. my kids call me “Dad” still, but we spell it as “Dadde” (a she user)

In the first three examples, singular they pronouns corefer with the terms girlfriend,

daddy, and aunt, all of which have lexical gender, which, as Cao and Daumé III (2021)

correctly note, is a property of the linguistic unit, not a property of its referent in the

real world. The fourth example describes how a friend of mine’s children refer to her.

She is a trans woman, previously known to her children as Dad, and for the combined

goal of continuity of reference and affirmation of her gender, her kids now spell it as

Dadde. This is inspired by French, where pairs such as Dad and Dadde would sound

the same phonetically, but indicate masculine and feminine gender, respectively, due to

the morphological differences.

At this point, it is also worth highlighting that all of the above examples are of

reference to people who, to the best of my knowledge, identify as trans and/or gender-

nonconforming. However, gender “mismatches” are certainly not exclusive to this group

of people. Indeed, the following example is in reference to a cisgender man who is

known among members of my research group and friend circles as my wife:

(4) [my wife]i might use deepseek in hisi next project

All the above examples present a challenge to NLP systems for both reasoning about

reference and generation. In addition, they show that our typical conceptualization of

agreement in the context of reference and gender is rigid and does not account for

real-world phenomena such as these.

8.1.5 Beyond English Text

One glaring omission in this thesis and most of my examples thus far is the focus on

English. Outside of English, faithfulness in the context of Chapters 6 and 7 becomes a
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matter of more than just referring expressions, potentially including adjectives, verbs,

and more, depending on the language. Some work has studied fair and faithful process-

ing of referring expressions in Chinese (Chen, 2024), German (Waldis et al., 2024), and

French (Jourdan et al., 2025), but by far, all languages are understudied in this context

(and indeed in NLP, more broadly) when compared to English.

Finally, I wish to highlight that reference is not just a textual phenomenon as it

is about the connection between language and the real world. Thus, reference is very

hard to conceive of as something limited to text, rather than multimodal, embodied,

interactive, and negotiated in conversation. This view is fundamentally in conflict with

the structuralist view underlying the NLP paradigm, i.e., that there is a structured

“langue” underlying the variation we see, that meaning can be learned from form (or

more specifically, from standardized form) in a mostly context-independent way, that

variation can be dealt with later, and the fact that standardization is both assumed and

then reinforced by NLP. Although the structuralist paradigm has been (beautifully)

critiqued by Zhang (2024) and Birhane and McGann (2024), among others, it remains

unclear how one transcends it while still doing NLP work, and indeed if that is possible

at all. This is an important consideration for deciding where and how (and whether)

LLMs and other NLP technology fit into parts of our future.

8.2 Fairness

My critique of the use of names and pronouns as a stand-in for gender in Chapters

4 and 5 directly motivate future work that addresses the problems of validity with

current approaches to quantifying gender biases in systems and society. Additionally,

Chapters 5, 6 and 7 motivate more extrinsic evaluations of fairness in NLP. In the rest of

this section, I address bigger-picture considerations for future work on fairness, which

include realistic evaluations, the incorporation of context, and actionability.
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8.2.1 Realism

Chapters 5, 6 and 7 all consist of researcher-created datasets and evaluations, designed

to surgically isolate certain phenomena. This runs the risk of having poor ecological

validity, i.e., depicting “artificial [situations which do not] properly [reflect] broader real-

world phenomena” (Olteanu et al., 2019). Therefore, I see one of the major challenges

of fairness research going forward, and indeed all research in NLP, to be: Grounding in

real-world, practical use cases. This is of critical importance as large language models

are deployed and used in an increasing number and variety of contexts, including to

make high-stakes decisions.

In the context of reference, I struggled to source real-world examples of complex

reference just for the previous section, and chose to obtain consent from the interlocutors

as well as the referent. This highlights the challenge of procuring data on long-tail

reference phenomena. For research on realistic data, we need more production studies

in linguistics that focus on reference, in addition to the existing perception studies.

More broadly, fairness research should treat real harms to real people as its north

star, critically questioning all research in the subfield in terms of how far it departs from

that ideal. This includes how we conceptualize the tasks we study (Blodgett et al., 2020;

Subramonian et al., 2023), which should be grounded in how people actually use NLP

systems today, as well as decisions regarding operationalization (as in Chapters 4 and

5), which run the risk, particularly in the study of demographic categories, of creating a

view of the world via classification (Bowker and Star, 2000).

8.2.2 Context

Beyond the call from Chapter 4 to attend to (social, geographical, and temporal) context

when using names in NLP, context is also more important broadly in NLP fairness

research, particularly as this shapes perspectives on phenomena that impact data and

evaluations (Sap et al., 2022). Fleisig et al. (2024) argue that annotator disagreement,
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although often thought of as a problem to minimize, can often represent meaningful

disagreement. When it comes to reference, in particular, context plays a huge role.

Consider the following example:

(5) She went jet skiing and parasailing in Mallorca.

This is a perfectly legitimate sentence when uttered while pointing to Paloma García-de-

Herreros. The same sentence, when uttered while pointing to me, becomes an example

of incorrect reference—I did jet ski and parasail in Mallorca, but I do not use the

pronoun she. The misgendering here happens due to the mismatch between the referring

expression and the referent being pointed to, a kind of contextual “ground truth” that

cannot be included in a training objective and optimized for when one deals exclusively

with text. In addition, this contextual ground truth generally persists long-term and does

not need to be independently established for each interaction, in contrast to how we

study misgendering in Chapters 6 and 7, as well as Hossain et al. (2023), Ovalle et al.

(2023a), and Subramonian et al. (2025). An open question for the future is how we can

incorporate such contextual information into the design and use of NLP systems.

8.2.3 Actionability

Despite a preponderance of work attempting to quantify biases in NLP systems, most

bias metrics are not actionable (Delobelle et al., 2024), and methods that try to mitigate

biases in models mostly degrade performance on downstream tasks such as language

modelling (Meade et al., 2022) and machine translation (Iluz et al., 2024). This also

highlights a central dilemma in NLP, which is that realistic text data typically reflects

societal biases, and learning such biases is a way of performing well on such data.

Future work in fairness should address this trade-off explicitly and NLP should, as a

field, work towards actionable interventions against biases and harms that also maintain

performance. Work on disentangling bias and task-specific representations presents an

important step in that direction (Wang et al., 2021; Marks et al., 2025).
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8.3 Faithfulness

Our work in Chapters 6 and 7 highlights failures of faithful pronoun use, but does

not explore fixing failures of faithfulness. Another perspective that this thesis does not

address is to explain exactly why we see some of the behaviours we see—whether they

come from associations in pre-training data, whether generalization on neopronouns

actually “emerges” at a certain model scale (and why), and why certain architectures

perform in certain ways when it comes to pronoun fidelity, distraction, and bias. In this

section, I expand on how both these challenges can be tackled in the future.

8.3.1 Improving Faithfulness

Within Chapter 7, we suggest that future work might return to more “old school”

methods of explicitly encoding information about real-world referents, including their

pronoun preferences, as in pointer networks (Vinyals et al., 2015; Yang et al., 2017; Fan

et al., 2019), or combining parametric with non-parametric memories as in retrieval-

augmented generation (Lewis et al., 2020). Given the stark differences between encoder-

only and decoder-only model behaviour in this setting, another promising direction

might be to unify their strengths, as in Qiao et al. (2025).

An alternative, more general approach than relying on explicit information to

address these challenges might be large reasoning models, a new class of models

which have appeared since the writing of the papers in this thesis. These include

models such as DeepSeek’s R1 (DeepSeek-AI et al., 2025) and OpenAI’s o1 models

(OpenAI et al., 2024). Similar to the chain-of-thought experiments in Chapter 7, these

models also work by generating a reasoning trace, allowing them to backtrack and

check constraints and agreement, which should improve their performance at over-

riding stereotypical associations and ensuring consistency (Marjanovic et al., 2025).

However, these models tend to be trained primarily on logical, mathematical, and

coding data, and their reasoning chains are also noisy, error-prone, and slow (Stechly
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et al., 2025). If reasoning models do become the popular choice going forward, then

future investigation is needed to see how this training generalizes to other forms of

reasoning such as commonsense, pronominal, and pragmatic reasoning, as well as to

make reasoning chains more robust, less noisy, and more efficient.

8.3.2 Interpretability

When we get some text from an NLP system that happens to contain pronouns and

referents, we interpret these texts, making connections between some pronoun and

referent and then declaring something as correct pronoun use or misgendering. However,

what we perceive as correct or incorrect pronoun use may not happen for the same

reasons within a system, since the mechanism of the system is not the same. From

the perspective of fairness, one could argue that it does not matter why a behaviour is

happening if the behaviour causes a harm. However, from the perspective of faithful-

ness, this is unsatisfactory. To be able to make guarantees about pronoun use or other

behaviours, we need to understand these behaviours from a model-internal perspective,

for which interpretability techniques such as probing, interventions, saliency, and more,

are important ingredients.

For the end goal of truly trustworthy NLP, a mechanistic understanding of models

is likely still insufficient, as argued by Lipton (2018) and Krishnan (2020). Rather

than mechanistic explanations, we might be interested in justificatory explanations.

Additionally, criteria that are often conflated with interpretability (such as human-like

reliability, consistency, and non-discrimination) may be equally—or more—important

long term.

8.4 Conclusion

Having outlined a number of directions for future work on reference, fairness, and

faithfulness in NLP, I wish to highlight the explicit inclusion of context as the most
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important and relevant challenge to address in the near future from my perspective.

This is important for both measuring and encoding dimensions of fairness, particularly

with the long-tail reference phenomena I provided examples of. In addition, explicit

context and constraints are also critical for faithfulness, without which we can only

have a tendency towards faithfulness rather than strong guarantees.





9
Conclusion

In this final chapter, I summarize the answers to the research objectives posed in Section

1.2, and how this thesis contributes to research on fair and faithful processing of English

referring expressions.

In Chapters 4 and 5, I provided theoretical arguments critiquing the use of referring

expressions like names and pronouns as a proxy for sociodemographic categories like

social gender, informed by evidence from disciplines outside of NLP such as onomas-

tics, sociolinguistics, and anthropology. In both cases, the results from such studies

can be invalid and can also perpetuate harms, such as reinforcing folk assumptions

about gender being binary and in perfect correspondence with linguistic forms. I also

provide empirical evidence for this theoretical argument in Chapter 5, which questions

the common assumption that grammatical gender of pronouns consistently maps to

social gender. I do this by balancing grammatical case in the well-known Winogender

Schemas dataset, and showing that NLP systems for coreference resolution show dra-

matically different performance with pronouns that have the same grammatical gender

but different grammatical case.

I also propose a new method to measure stereotypical biases in how NLP systems

resolve reference in this chapter, going beyond a binary conceptualization of gender,

and disentangling performance and bias for the first time. With this method and our new

WINOPRON dataset, I show that stereotypical biases vary widely across models, pronoun

sets and even grammatical cases of the same pronoun set, which have been treated as

equivalent in prior work. Chapters 4 and 5 therefore call for careful attention when

123
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operationalizing gender and bias via names and pronouns with normative suggestions

for future work on fairness in NLP.

In Chapter 6, I turn my attention from resolving reference to doing reference,

asking whether large language models can overcome their intrinsic stereotypical biases

in an extrinsic task, just as humans do. To measure faithful reuse of the right pronoun for

a referent introduced with a definite description and a pronoun, I introduce the task of

pronoun fidelity and a dataset, RUFF, to measure it. With a large-scale evaluation, I show

that models can indeed overcome stereotypical biases and do reference correctly, but

that they show significant performance disparities with neopronouns, singular they and

she/her/her, compared to he/him/his, which are a form of quality-of-service differentials

among these groups of pronoun users.

I dive deeper into these results to separate shallow repetition from true reasoning

about reference in Chapter 7. Specifically, I introduce the task of robust pronoun fidelity,

where two individuals are introduced with different definite descriptions and different

pronouns, but the final task is to select the correct pronoun for only one of these referents.

I augment the RUFF dataset to over five million narratives with 0-5 sentences about

the second individual. Even a single non-adversarial sentence about a second person

drastically affects the ability of language models to faithfully reuse pronouns for a

person. This shows that pronoun fidelity from the chapter before is neither robust to

distractors, nor due to true reasoning. In this setting which is very simple for humans,

widely-used large language models are unable to robustly and faithfully reason about

pronouns. These two chapters demonstrate the importance of extrinsic evaluations of

fairness (e.g., pronoun fidelity, rather than intrinsic stereotypical associations), and the

critical need for careful claims about “reasoning” in settings even beyond reference,

where repetition could inflate perceptions of model performance.

The arguments presented in this thesis are of relevance to researchers who work

on fairness, faithfulness, and reasoning, whom I hope will use our recommendations,

datasets and metrics. Beyond the main chapters of the thesis, I zoom out in Chapter 2

to situate my work in the broader context of trustworthy natural language processing,

which includes nine other papers I worked on during my PhD. I zoom out again in
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Chapter 8 to discuss understudied phenomena in reference and what I see as the top

priorities for future work on fairness and faithfulness in NLP, both of which are of

particular importance in this era of increased language model use and the recent shift in

the field towards reasoning models.

Nearly fifty years after the first studies about computationally processing reference,

some people now consider language to be a (mostly) “solved problem.”1 However,

prevailing issues such as misgendering and even hallucinations can be viewed as failures

of reference, since referring expressions are arguably the most critical connection

between linguistic form and the world. Thus, reference continues to be at the heart of

natural language processing, and studying it is more timely than ever.

1 I even disagree with the framing of language as a problem to solve!
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A
Data and Annotation Details

A.1 List of Occupations

The occupations along with their respective participants in parentheses are listed below

in alphabetical order. This list is identical to the occupations and participants in Rudinger

et al. (2018), except that we pair examiner with intern rather than victim:

accountant (taxpayer), administrator (undergraduate), advisor (advisee), appraiser

(buyer), architect (student), auditor (taxpayer), baker (customer), bartender (customer),

broker (client), carpenter (onlooker), cashier (customer), chef (guest), chemist (visitor),

clerk (customer), counselor (patient), dietitian (client), dispatcher (bystander), doctor

(patient), educator (student), electrician (homeowner), engineer (client), examiner (in-

tern), firefighter (child), hairdresser (client), hygienist (patient), inspector (homeowner),

instructor (student), investigator (witness), janitor (child), lawyer (witness), librarian

(child), machinist (child), manager (customer), mechanic (customer) nurse (patient),

nutritionist (patient), officer (protester), painter (customer), paralegal (client), paramedic

(passenger), pathologist (victim), pharmacist (patient), physician (patient), planner (resi-

dent), plumber (homeowner), practitioner (patient), programmer (student), psychologist

(patient), receptionist (visitor), salesperson (customer), scientist (undergraduate), sec-

retary (visitor), specialist (patient), supervisor (employee), surgeon (child), teacher

(student), technician (customer), therapist (teenager), veterinarian (owner), worker

(pedestrian)
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A.2 Annotator Demographics

All three annotators (two authors and an additional annotator) are fluent English speakers.

The two authors who create and validate templates have linguistic training at the

undergraduate level. One author and one annotator have experience with using singular

they and neopronouns, while the other author has prior exposure to singular they but not

the neopronoun xe.

A.3 Annotation Instructions

A.3.1 Task 1 Description

Together with this annotation protocol, you have received a link to a Google Sheet.

The sheet contains 2 data columns and 2 task columns of randomized data. The data

columns consist of

• Sentences which you are asked to annotate for grammaticality; and

• Questions about pronouns in the sentence, which you are asked to answer

Please be precise in your assignments and do not reorder the data. The columns have

built-in data validation and we will perform further tests to check for consistent annota-

tion.

A.3.1.1 Grammaticality

In the Grammatical? column, please enter your grammaticality judgments of the sen-

tence, according to Standard English. The annotation options are:

• grammatical (for fluent, syntactically valid and semantically plausible sentences)

• ungrammatical (for sentences that have any typos, grammatical issues, or if the

sentence describes a situation that dont make sense, or just sounds weird)
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• not sure (if you are not sure whether it is clearly grammatical or ungrammatical)

Examples:

• The driver told the passenger that he could pay for the ride with cash.

=> grammatical

• The driver said the passenger that he could pay for the ride with cash.

=> ungrammatical (because said is intransitive in Standard English)

A.3.1.2 Questions about Pronouns

Every sentence contains a pronoun, and the Question column asks whether it refers to a

person mentioned in the sentence or not. The annotation options are:

• yes (if the pronoun refers to the person)

• no (if the pronoun does not refer to the person)

• not sure (if you are not sure about whether the pronoun refers to the person)

Examples:

• The driver told the passenger that he could pay for the ride with cash.

Does the pronoun he refer to the driver?

=> no

• The driver told the passenger that he could pay for the ride with cash.

Does the pronoun he refer to the passenger?

=> yes

A.3.2 Task 2 Description

Together with this annotation protocol, you have received a link to a Google Sheet. The

sheet contains 1 randomized data column and 1 task column.

Each row in the data column consists of multiple sentences, of which precisely one



200 DATA A N D A N N OTAT I O N D E TA I L S

sentence contains a blank. Your task is to determine the appropriate pronoun to fill in

the blank, and enter it in the Pronoun column. Here, appropriate means correct in both

form and case.

The tasks are designed to be unambiguous, so please provide only one solution and do

not reorder the data.

Example:

• The driver felt unhappy because he did not make enough money. The driver

wondered whether ___ should take out a loan.

=> he



B
Experimental Details

B.1 Computational Requirements

We use one 40GB NVIDIA A100 GPU for inference with most models, but we require

two GPUs for OPT-30B and four for OPT-66B and the LLAMA-2-70B base and chat

models. We access all models using the Huggingface Transformers library (Wolf et al.,

2020) and use the minicons library for pseudo log likelihood evaluation (Misra, 2022).

B.2 Prompting

B.2.1 Coreference Resolution

Table B.1 shows all 10 prompt templates we use to present our task instances to FLAN-

T5. Each template is presented in three variants to the model, where the options are

changed:

1. No options

2. The occupation is presented first and the participant second

3. The participant is presented first and the occupation second

201
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ID Template

0 {task}\n\n{options}\nWho is {pronoun} referring to?

1 {task}\n\nWho is “{pronoun}” in this prior sentence (see options)?\n{options}

2 {task}\n\nWho is {pronoun} referring to in this sentence?\n{options}

3 Choose your answer: {task}\nTell me who {pronoun} is.\n{options}

4 {task}\nBased on this sentence, who is {pronoun}?\n\n{options}

5 Choose your answer: Who is {pronoun} in the following sentence?\n\n{task}

\n\n{options}

6 Multi-choice problem: Which entity is {pronoun} this

sentence?\n\n{task}\n\n{options}

7 Who is {pronoun} referring to in the following sentence?\n{task} \n\n{options}

8 Note that this question lists possible answers. Which person is {pronoun} referring to

in the following sentence?\n{task} \n\n{options}

9 {task}\nWho is “{pronoun}”\n{options}

Table B.1: Prompting templates, where “task” is filled with each dataset instance, “pronoun” is

the unique third person singular pronoun in that dataset instance, and “options” are

the occupation and the participant.

B.2.2 Pronoun Fidelity

Table B.2 shows all 10 prompt templates we use to present our task instances to chat

models. The first five are open-ended and the last five provide the model with pronoun

options to choose from. These templates are used within vanilla and chain-of-thought

prompting paradigms as described below.
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ID Template

0 {task}\n\nWhat pronoun should be used to fill the blank?

1 {task}\n\nThe best pronoun to fill in the blank is

2 Fill in the blank with the correct pronoun.\n\n{task}

3 Fill in the blank with the appropriate pronoun.\n\n{task}

4 What pronoun should be used to fill the blank?\n\n{task}

5 {task}\n\nWhat pronoun should be used to fill the blank?\n{options}

6 {task}\n\nThe best pronoun to fill in the blank is\n{options}

7 Fill in the blank with the correct pronoun.\n\n{task}\n{options}

8 Fill in the blank with the appropriate pronoun.\n\n{task}\n{options}

9 What pronoun should be used to fill the blank?\n\n{task}\n{options}

Table B.2: Prompting templates for chat models, where “task” is filled with each dataset in-

stance, and “options” is a list of four pronouns to choose from, all in the correct

case.

B.2.2.1 Vanilla Prompting

With FLAN-T5, vanilla prompting only requires instantiating templates with task

instances, whereas LLAMA-2-CHAT requires special formatting with INST. Instantiated

examples of one template are shown for both models in Table B.3. The number of

maximum new tokens is set to 5 for FLAN-T5 and 20 for LLAMA-2-CHAT based on

experimentation.

B.2.2.2 Chain-of-Thought Prompting

We focus on FLAN-T5-XXL for chain-of-thought experiments, and use the strong

zero-shot prompts for reasoning proposed by Kojima et al. (2022) (“Let’s think step

by step”) and Zhou et al. (2023) (“Let’s work this out in a step by step way to be



204 E X P E R I M E N TA L D E TA I L S

sure we have the right answer”), which we append after the template. Following their

codebases, we first allow the models to generate a chain of thought (with 128 maximum

new tokens). Then, we append the chain of thought after the question and elicit the

final answer with the string “Therefore, the correct pronoun is,” allowing the model

to generate up to 10 new tokens. This two-step process is illustrated with examples in

Tables B.4 and B.5. We save both the final answer and the chain of thought for later

analysis.
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Model type Example input

FLAN-T5 Fill in the blank with the appropriate pronoun.

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

OPTIONS:

- his

- her

- their

- xyr

LLAMA-2-CHAT [INST] Fill in the blank with the appropriate pronoun.

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

OPTIONS:

- his

- her

- their

- xyr [/INST]

Table B.3: Example input using template 8 for FLAN-T5 and LLAMA-2-CHAT models.
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Chain-of-thought prompt Example input

Kojima et al. (2022) Q: Fill in the blank with the appropriate pronoun.

(eliciting chain of thought)

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

A: Let’s think step by step.

Kojima et al. (2022) Q: Fill in the blank with the appropriate pronoun.

(eliciting final answer)

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

A: Let’s think step by step. {generated chain of thought}

Therefore, the correct pronoun is

Table B.4: Example input using template 3 for evaluating FLAN-T5-XXL with two types of

chain-of-thought prompting. Prompting happens in two phases regardless of the

choice of prompt: eliciting the chain of thought and eliciting the final answer.
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Chain-of-thought prompt Example input

Zhou et al. (2023) Q: Fill in the blank with the appropriate pronoun.

(eliciting chain of thought)

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

A: Lets work this out in a step by step way to be sure we

have the right answer.

Zhou et al. (2023) Q: Fill in the blank with the appropriate pronoun.

(eliciting final answer)

The accountant had just eaten a big meal so her stomach

was full. The accountant was asked about ___ charges for

preparing tax returns.

A: Lets work this out in a step by step way to be sure we

have the right answer. {generated chain of thought}

Therefore, the correct pronoun is

Table B.5: Example input using template 3 for evaluating FLAN-T5-XXL with two types of

chain-of-thought prompting. Prompting happens in two phases regardless of the

choice of prompt: Eliciting the chain of thought and eliciting the final answer.





C
Additional Results

We report additional results on double- and single-entity sentences in WINOPRON: F1

scores in Table C.1, precision in Table C.2, and recall in Table C.3. Note that FLAN-T5

models generally perform worse on single-entity sentences compared to double-entity

sentences because some of our prompts include options (see Section B.2 for details)

that confuse the model in this setting, despite being necessary to resolve double-entity

sentences.
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Data LINGMESS CAW-COREF
SPANBERT FLAN-T5

base large small base large xl xxl

Double-entity sentences

All 64.4 67.3 61.6 70.1 51.6 62.4 78.0 89.0 88.8

Nom. 73.5 77.6 67.2 77.2 51.9 65.4 85.1 94.7 96.7

Acc. 52.2 57.5 54.6 59.5 50.4 58.4 69.9 82.5 79.1

Poss. 67.4 66.5 62.9 73.6 52.3 63.4 79.1 89.7 90.7

he 79.2 79.6 62.8 71.5 51.5 64.1 81.5 88.8 90.2

she 76.3 76.6 62.1 71.6 51.5 66.1 83.3 90.6 89.9

they 67.5 63.7 61.2 68.9 51.8 60.5 77.0 88.6 88.0

xe 8.5 38.6 60.4 68.5 51.4 58.7 70.3 88.0 87.3

Single-entity sentences

All 73.2 75.6 95.5 88.0 77.3 76.3 81.5 83.1 84.3

Nom. 80.0 82.5 99.5 99.3 78.3 80.8 89.8 93.3 97.0

Acc. 61.1 65.0 87.3 67.5 76.2 69.6 69.8 70.1 66.5

Poss. 77.1 78.0 99.8 97.1 77.5 78.5 84.7 85.7 89.2

he 92.7 94.3 94.7 85.6 77.6 81.3 86.8 88.2 88.6

she 90.9 91.6 96.2 88.9 77.4 81.1 87.6 88.8 87.1

they 75.2 69.8 96.0 88.7 79.3 76.1 84.3 85.7 86.8

xe 2.2 27.3 95.2 88.7 75.0 66.3 67.0 69.4 74.6

Table C.1: F1 of coreference resolution systems on double- and single-entity sentences in

WINOPRON. We report F1 overall, and split by grammatical case and pronoun set.

Red, italicized numbers are worse than chance (50.0 for double-entity sentences and

not applicable for single-entity sentences).
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Data LINGMESS CAW-COREF
SPANBERT FLAN-T5

base large small base large xl xxl

Double-entity sentences

All 79.1 80.1 62.1 70.6 51.9 62.9 78.4 89.5 89.4

Nom. 88.3 88.7 67.4 77.4 52.1 65.7 85.4 95.1 97.1

Acc. 63.4 67.9 55.3 59.9 50.7 58.8 70.2 83.2 79.5

Poss. 86.1 83.6 63.5 74.3 52.8 64.3 79.6 90.2 91.5

he 79.7 80.1 63.0 71.6 51.7 64.3 81.8 89.3 90.6

she 77.6 77.9 62.3 71.8 51.7 66.3 83.6 91.1 90.3

they 79.1 80.2 61.8 69.5 52.0 60.8 77.3 89.0 88.5

xe 100.0 88.1 61.3 69.3 52.1 60.1 70.7 88.6 88.0

Single-entity sentences

All 100.0 100.0 96.0 88.4 78.9 77.6 82.4 84.0 85.6

Nom. 100.0 100.0 100.0 100.0 79.3 81.6 90.4 93.9 97.4

Acc. 100.0 100.0 88.1 67.9 77.5 70.5 70.7 71.1 68.1

Poss. 100.0 100.0 99.8 97.1 79.8 80.7 85.9 86.8 90.8

he 100.0 100.0 95.0 86.0 78.6 81.9 87.5 88.9 89.5

she 100.0 100.0 96.4 89.1 78.5 81.7 88.1 89.4 87.9

they 100.0 100.0 96.4 89.1 80.3 76.9 85.2 86.5 87.9

xe 100.0 100.0 96.3 89.3 77.9 69.2 68.3 70.9 76.7

Table C.2: Precision on double- and single-entity sentences overall, and split by grammatical

case and pronoun set. Red, italicized numbers are worse than chance (50.0 for

double-entity sentences, N/A for single-entity sentences).
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Data LINGMESS CAW-COREF
SPANBERT FLAN-T5

base large small base large xl xxl

Double-entity sentences

All 54.2 58.0 61.1 69.7 51.3 61.9 77.7 88.5 88.3

Nom. 62.9 69.0 67.1 77.1 51.8 65.2 84.8 94.3 96.3

Acc. 44.4 49.8 54.0 59.2 50.2 58.0 69.6 81.9 78.6

Poss. 55.4 55.2 62.3 72.9 51.9 62.5 78.7 89.3 90.0

he 78.6 79.2 62.5 71.4 51.4 63.9 81.1 88.3 89.7

she 75.0 75.3 61.9 71.4 51.4 65.9 83.0 90.1 89.5

they 58.9 52.8 60.6 68.3 51.6 60.2 76.8 88.1 87.5

xe 4.4 24.7 59.4 67.8 50.8 57.4 69.9 87.5 86.6

Single-entity sentences

All 57.8 60.8 95.1 87.6 75.9 75.0 80.6 82.1 83.1

Nom. 66.7 70.2 99.0 98.5 77.3 80.0 89.2 92.7 96.6

Acc. 44.0 48.1 86.5 67.1 74.9 68.7 69.0 69.1 65.0

Poss. 62.7 64.0 99.8 97.1 75.4 76.4 83.5 84.6 87.6

he 86.4 89.2 94.4 85.3 76.5 80.8 86.1 87.4 87.8

she 83.3 84.4 96.1 88.6 76.2 80.5 87.1 88.2 86.2

they 60.3 53.6 95.6 88.3 78.3 75.3 83.5 85.0 85.8

xe 1.1 15.8 94.2 88.1 72.4 63.7 65.7 68.0 72.5

Table C.3: Recall on double- and single-entity sentences overall, and split by grammatical case

and pronoun set. Red, italicized numbers are worse than chance (50.0 for double-

entity sentences, N/A for single-entity sentences)


	Abstract
	 Abstract
	Zusammenfassung
	Acknowledgments

	 Acknowledgements
	Contents

	1 Introduction
	1.1 Motivation
	1.2 Research Objectives
	1.3 Contributions
	1.4 Outline
	1.5 Significance

	2 Additional Papers
	2.1 Fairness in NLP
	2.2 Faithfulness in NLP
	2.3 Meta-Evaluation
	2.4 Conclusion

	3 Background
	3.1 Reference
	3.1.1 Personal Names
	3.1.2 Pronouns
	3.1.3 Definite Descriptions

	3.2 Fairness in NLP
	3.3 Faithfulness in NLP
	3.4 Coreference Resolution
	3.4.1 Evaluation

	3.5 Language Modelling
	3.5.1 Encoder-Only Language Models
	3.5.2 Decoder-Only Language Models
	3.5.3 Encoder-Decoder Language Models


	4 Disentangling Personal Names and Sociodemographic Attributes
	4.1 Introduction
	4.2 Background: Names and Naming
	4.3 Names and Sociodemographic Characteristics in NLP
	4.4 Validity Issues
	4.5 Ethical Issues
	4.6 Guiding Questions and Recommendations
	4.7 Related Work
	4.8 Limitations
	4.9 Conclusion

	5 Revisiting the Relationship between Pronouns and Social Gender
	5.1 Introduction
	5.2 Background: Winogender Schemas
	5.3 WinoPron Dataset
	5.3.1 Issues in Winogender Schemas and Solutions in WinoPron
	5.3.2 Data Creation
	5.3.3 Data Validation

	5.4 Models
	5.5 Performance and Consistency
	5.5.1 Performance Results
	5.5.2 Consistency Results

	5.6 Pronominal Bias
	5.6.1 Evaluating Pronominal Bias
	5.6.2 Results

	5.7 Discussion
	5.8 Related Work
	5.9 Limitations
	5.10 Conclusion

	6 Pronoun Fidelity of English LLMs
	6.1 Introduction
	6.2 Pronoun Fidelity Task
	6.3 RUFF Dataset
	6.3.1 Template Creation
	6.3.2 Template Assembly
	6.3.3 Data Validation

	6.4 Experimental Setup
	6.4.1 Models
	6.4.2 Obtaining Predictions
	6.4.3 Metrics

	6.5 Model Predictions with No Context
	6.6 Injecting an Introductory Context
	6.7 Discussion
	6.8 Related Work
	6.9 Limitations
	6.10 Conclusion

	7 Pronoun Fidelity with Multiple Referents
	7.1 Introduction
	7.2 Robust Pronoun Fidelity Task
	7.3 Augmented RUFF Dataset
	7.3.1 Template Creation and Assembly
	7.3.2 Data Validation

	7.4 Experimental Setup
	7.5 Adding Distractors
	7.5.1 Probability-Based Evaluation
	7.5.2 Vanilla Prompting
	7.5.3 Chain-of-Thought Prompting

	7.6 Distractibility versus Bias
	7.7 Discussion
	7.8 Related Work
	7.9 Limitations
	7.10 Conclusion

	8 Future Work
	8.1 More Complex Reference
	8.1.1 Neopronouns
	8.1.2 Multiple Pronouns
	8.1.3 Pronouns and Gender
	8.1.4 Gender-``Mismatched'' Reference
	8.1.5 Beyond English Text

	8.2 Fairness
	8.2.1 Realism
	8.2.2 Context
	8.2.3 Actionability

	8.3 Faithfulness
	8.3.1 Improving Faithfulness
	8.3.2 Interpretability

	8.4 Conclusion

	9 Conclusion
	List of Figures
	List of Figures

	List of Tables
	List of Tables
	Acronyms

	List of Acronyms
	Bibliography
	Acronyms

	A Data and Annotation Details
	A.1 List of Occupations
	A.2 Annotator Demographics
	A.3 Annotation Instructions
	A.3.1 Task 1 Description
	A.3.2 Task 2 Description


	B Experimental Details
	B.1 Computational Requirements
	B.2 Prompting
	B.2.1 Coreference Resolution
	B.2.2 Pronoun Fidelity


	C Additional Results

