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Inspired by the Turing test, a long line of research in AI has focused on technical im-

provement on tasks thought to require human-like comprehension. However, this focus has often

resulted in models with impressive technical capabilities but uncertain real-world applicability.

Despite the advancements of large pre-trained models, we still see various failure cases towards

discriminated groups and when applied to specific applications. A major problem here is the de-

tached model development process — these models are designed, developed, and evaluated with

limited consideration of their users and stakeholders. My dissertation is dedicated to addressing

this detachment by examining how artificial intelligence (AI) systems can be more effectively

aligned with the needs of users and the values of stakeholders across diverse contexts. This work

aims to close the gap between the current state of AI technology and its meaningful application

in the lives of real-life stakeholders.

My thesis explores three key aspects of aligning AI systems with human needs and values:



identifying sources of misalignment, addressing the needs of specific user groups, and ensuring

value alignment across diverse stakeholders. First, I examine potential causes of misalignment in

AI system development, focusing on gender biases in natural language processing (NLP) systems.

I demonstrate that without careful consideration of real-life stakeholders, AI systems are prone

to biases entering at each development stage. Second, I explore the alignment of AI systems for

specific user groups by analyzing two real-life application contexts: a content moderation assis-

tance system for volunteer moderators and a visual question answering (VQA) system for blind

and visually impaired (BVI) individuals. In both contexts, I identify significant gaps in AI sys-

tems and provide directions for better alignment with users’ needs. Finally, I assess the alignment

of AI systems with human values, focusing on stereotype issues within general large language

models (LLMs). I propose a theory-grounded method for systematically evaluating stereotypical

associations and exploring their impact on diverse user identities, including intersectional identity

stereotypes and the leakage of stereotypes across cultures.

Through these investigations, this dissertation contributes to the growing field of human-

centered AI by providing insights, methodologies, and recommendations for aligning AI systems

with the needs and values of diverse stakeholders. By addressing the challenges of misalign-

ment, user-specific needs, and value alignment, this work aims to foster the development of AI

technologies that effectively collaborate with and empower users while promoting fairness, in-

clusivity, and positive social impact.
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Chapter 1: Introduction

With the rapid development of artificial intelligence (AI) technologies, especially the ad-

vancement of large pre-trained models (LPMs), real-world usage and deployment of AI systems

is expanding across many industries and applications. For example, AI algorithms are used to

assist in the discovery and legal analysis of documents for both criminal and civil courts [Liu

et al., 2019a], analyzing medical images to detect cancerous tumors and aid diagnostics [Kaur

and Garg, 2023], and providing personalized teaching and tutoring to fill knowledge gaps for

students [Kokku et al., 2018]. As the adoption of AI technologies continues to expand, they are

set to have substantial and wide-reaching impacts on both individuals and society. This growth

brings with it pressing concerns about the ethical implications and societal consequences of these

technologies [Garibay et al., 2023]. For instance, large language models have the capability to

generate highly persuasive and impactful propaganda messages at a lower cost [Goldstein et al.,

2023]. Similarly, recommendation systems have the potential to perpetuate social biases by in-

fluencing user preferences and guiding choices [Milano et al., 2020]. Studies also indicate that

human judgments and inferences can be influenced by reasoning about model behaviors [Shafto

et al., 2012, Sun et al., 2020]. Given AI’s potential for such significant impact, the AI research

field bears the responsibility to develop systems that support positive social outcomes [of Eco-

nomic and Affairs, 2018]. In particular, AI systems should be designed to augment and amplify
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human abilities while ensuring their safe and ethical usage [Wang, 2019, Shneiderman, 2020].

Meanwhile, the AI field has been focusing on algorithmic improvement. From the Turing

test to pursuing Artificial General Intelligence, model developers have been focusing on enhanc-

ing models’ capability to mimic human-like behaviors, such as image tagging and captioning,

and various forms of reasoning. There is no doubt about the necessity of improving models’

technical capacities, and we have seen great strides in models’ abilities in recent years. How-

ever, it is not yet clear how these increasingly capable models will lead to positive social impact

beyond technical achievements.

Hence, there has been a notable increase in efforts to align AI with human stakeholders,

aiming to enhance the usability of AI systems. According to ISO 9241-11 [ISO, 1998], usability

is defined as “the extent to which a product can be used by specified users to achieve specified

goals with effectiveness, efficiency, and satisfaction in a specified context of use.” In this frame-

work, a useful AI system should not only align with users’ needs to foster effective and efficient

human-AI collaborations but also align with stakeholders’ values to ensure that these collabora-

tions are both safe and enjoyable. Addressing both aspects is particularly challenging, given the

specialized and diverse nature of the stakeholders involved.

On one hand, AI system users are specialized, each possessing unique skills, needs, and

use cases that drive their interactions with these systems. For example, healthcare profession-

als require interpretability to understand system logic before trusting diagnosis recommenda-

tions [Rudin and Radin, 2019]; users with disabilities need accessibility-aware interfaces [Os-

wal, 2019]; businesses expect integration with existing workflows and protection of sensitive

data [Cheng et al., 2017]. Hence, a universal, one-size-fits-all approach to AI frameworks is im-

practical. It is essential to investigate methodologies to accurately capture users’ specific needs

2



and to innovate technical approaches that are in alignment with these needs.

Meanwhile, the stakeholders of AI systems — encompassing both individuals directly and

indirectly affected by these systems — represent a broad spectrum of backgrounds, identities,

and values. AI systems that neglect to integrate these diverse values run the risk of causing harm

to various stakeholders [Friedman and Nissenbaum, 1996a], particularly to marginalized groups.

This is evidenced in previous literature, which includes reports of systems generating Islamopho-

bic content [Samuel, 2021], auto-suggesting racist and sexist web search queries [Hazen et al.,

2020], and producing images with limited cultural diversity that reinforce stereotypes [Jha et al.,

2024a]. Moreover, the AI Incident Database [McGregor, 2020] has over 3,000 similar incidents

reported up to 2024 [Incident Database, 2024]. Additionally, the complexity intensifies when

considering that the values of different stakeholders sometimes conflict [Fleisig et al., 2023].

This necessitates a careful balancing of AI systems that not only align with users’ values but are

also universally safe and responsible, incorporating the values of all stakeholders1.

To address these challenges, my thesis delves into both aspects of alignment with users’

needs and alignment with stakeholders’ values, aiming to bridge the existing gap between current

AI technologies and their deployment to real-life stakeholders. I explore users’ and stakehold-

ers’ needs and values under four distinct settings, each approached from a model improvement

perspective. First, I investigate possible causes of misalignment in AI system development, par-

ticularly focusing on how a natural language processing (NLP) system may misalign with real-life

stakeholders’ perceptions of gender. Then, to understand how AI systems can be tailored to meet

specific user needs, I analyze two real-life AI applications with their specific user groups: a con-

1The term “values” can encompass different meanings, including ethical values and instrumental values. In my
thesis, unless stated otherwise, “value” specifically refers to ethical values.
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tent moderation assistance system used by volunteer content moderators and a visual question

answering (VQA) system for blind and visually impaired (BVI) users. In the content modera-

tion use case, my research centers on aligning the system’s functionalities with the moderators’

needs to facilitate effective collaboration. For the visual question answering system, I investigate

the alignment challenges when adapting to users with disabilities and thus unique requirements.

Finally, to explore how to develop safe AI systems that align with human values, I assess the

stereotype problem within large language models (LLMs), which are widely used and have a

broad impact across diverse groups of people. I propose a stereotype measurement methodology

to investigate prevailing stereotype issues within LLMs.

1.1 Bias Entering Machine Learning Lifecycle

In the development of AI systems, developers tend to focus on algorithmic technical ad-

vancement while overlooking or making false assumptions about their system stakeholders. Hence,

when such systems are deployed, they can easily result in misaligned systems that can cause

harm to stakeholders, particularly to those minority groups. In my first study, I investigate how

such false assumptions can cause a misaligned system through each stage of the machine learn-

ing (ML) lifecycle. In particular, I focus on gender assumptions in natural language processing

(NLP) systems.

NLP systems tend to assume that gender is binary (male or female), immutable (gender is

assigned at birth and never changes), and, thirdly, that social gender is in perfect correspondence

to gendered linguistic forms, which is not how people actually experience gender in the real

world. First, gender is not binary — there are, for example, agender people who do not experience
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gender. It is not immutable either — for example, there are genderfluid people whose gender

identity may shift by time or context. And the inner-relationships of social gender and gendered

linguistic forms can be very complicated. I thus first disentangle the concepts of gender with

respect to sociological and sociolinguistic gender and discuss how they are realized in languages

in connection to gender bias in NLP.

Further, I delve into the coreference resolution systems as an illustrative example. Coref-

erence resolution systems are NLP systems that determine which textual references resolve to

the same real-world entity. When those entities are people, coreference resolution systems run

the risk of making unlicensed inferences, possibly resulting in harms to system stakeholders. I

thus assess six stages of the ML lifecycle, including task definition, data collection, data label-

ing, model definition, model evaluation, and feedback loop, to investigate how false assumptions

of gender can cause gender biases to enter the system. Take the data labeling stage as an ex-

ample, I conduct a human study with an ablation technique. I aim to identify which forms of

linguistic knowledge are crucial for human annotators when making coreference judgments, and

to understand how these can result in problematic training datasets for the system. Findings from

this study demonstrate that without careful consideration of the system’s real-life stakeholders,

we (system developers) may introduce gender biases into every stage of the machine learning

lifecycle when developing systems and thus lead to a misaligned and unsafe system.

1.2 Alignment with Users’ Needs through Specialized User Contexts

In my second line of study, I seek to explore how AI systems can be tailored to the unique

needs of specialized user groups. This exploration is conducted in two different application
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contexts, each involving distinct user groups: volunteer content moderators using moderation

detection assistance systems, and blind and visually impaired (BVI) users engaging with visual

question answering (VQA) systems. The first context focuses on AI systems enhancing humans

in accomplishing the moderation task, whereas the second context focuses on AI systems com-

plementing human abilities by providing visual information to BVI users.

Content moderators guard online forums against hostility and extremism while maintaining

community norms, ensuring the forums remain healthy and open to all participants. However,

with the workload and continuous exposure to online harassment Gilbert [2020], Wohn [2019],

Dosono and Semaan [2019] and toxic content, this moderation work can easily result in burnout.

Thus, with the goal of using AI technologies to lighten the load for moderators, the NLP field

has a long line of study on developing automated systems to identify toxic, offensive, and hateful

content [e.g. Jigsaw, 2019a, Pavlopoulos et al., 2020]. Yet, content moderation encompasses

more than toxicity detection, particularly in platforms that leverage volunteer moderation within

smaller communities hosted by the site. For example, Reddit is a platform consisting of various

communities, known as “subreddits,” focused on a diverse set of topics, and each subreddit has

its own moderation rules. Hence, in order to have a system that aligns with moderators’ needs

in detecting potential rule-violating content, such a system needs to support much more than just

toxicity detection. In this study, I thus aim to assess to what extent current NLP models can serve

the needs of a wide spectrum of moderation rules that exist. To do so, I conduct a model review

to reveal the availability of existing NLP models to cover various moderation rules and guidelines

from three exemplar Reddit forums. I further put state-of-the-art LLMs (GPT and Llama) to the

test, evaluating how well these models perform in flagging violations of platform rules from one

particular forum. Finally, I conduct a user survey study with volunteer moderators to gain insight
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into their perspectives on useful moderation systems.

On the other hand, visual question answering (VQA) is a task mostly developed to examine

machine “understanding”, i.e. machines’ multi-modal comprehension abilities, but found to be

potentially useful for blind and visually impaired (BVI) users in answering their questions about

the visual world in real-time. VQA systems are designed to answer natural language questions

based on image information. However, it is unclear whether VQA systems built for testing multi-

modal comprehension abilities can align with the needs of BVI users. For example, previous

studies have shown the information BVI users seek for help and the images they take vary greatly

compared to the training datasets of machine “understanding” VQA systems [Brady et al., 2013,

Zeng et al., 2020]. Thus, to explore the alignment gap, I conduct performance assessments on

seven machine “understanding” VQA model architectures spanning from 2017 to 2021 using an

accessibility VQA dataset, in which the image-question pairs are created by BVI users. I aim

to investigate whether advancements in model architectures designed for machine understanding

VQA also yield performance improvements on accessibility VQA datasets. I also conduct a

mixed methods error analysis to identify particularly challenging classes as directions for future

VQA systems to improve on.

In both contexts, I assess the corresponding AI systems in each use case with data collected

from the users to understand potential challenges for adapting technology-focused systems to

meet application-specific user needs. I also discuss directions to tailor the systems to better

align with users’ needs. As experts of their own experiences, specialized users (both through

user feedback and data collected from them) offer invaluable perspectives on how AI can better

empower them and align with their needs.
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1.3 Alignment with Diverse Stakeholders’ Values in General Large Language

Models

Both general models and models for specific applications face stakeholders from diverse

backgrounds, representing a wide spectrum of identities. Thus, beyond alignment with needs,

to ensure a safe and enjoyable human-AI interaction, AI systems need to align with diverse

human values of the stakeholders. However, LLMs trained with a large amount of internet texts

easily pick up social norms and conventions that underline the data, which includes both factual

information as well as social stereotypes about race, gender, religion, etc. For example, we have

found bidirectional encoder representation transformers (BERT) associate groups like “Muslims”

and “Black people” with more negative traits on average compared to other groups. Such biases

may lead AI systems to make decisions that deny opportunities or resources to marginalized

groups [e.g. Eubanks, 2017, Tamkin et al., 2023]. Thus, it is crucial we mitigate these potential

harms. To do so, we first need a clear understanding of what we are measuring and seeking to

mitigate.

Thus, in my research, I develop a systematic approach for assessing stereotypes toward di-

verse identities within Large Language Models (LLMs). I adopt the Agency-Belief-Communion

(ABC) stereotype model Koch et al. [2016] from social psychology as a framework for the sys-

tematic study and discovery of stereotypic group-trait associations in LLMs. To measure these

associations, I introduce a new measurement, the Sensitivity Test (SeT), which captures the ro-

bustness of word associations in large language models besides probabilities of co-occurrence.

I also crowdsource to collect human stereotypes and develop a screening approach to filter out
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unreliable annotations while keeping annotators’ various perspectives on stereotypes. Since this

measurement has the advantage of being easy to generalize to unstudied groups, I take a step

towards exploring stereotypes of intersectional identities, finding some correspondence between

model behavior and the literature on intersectional stereotypes. In my overarching aim to exam-

ine system alignment concerning stakeholders with diverse identities, I propose this approach to

systematically evaluate stereotypical associations within LLMs.

Going beyond English stereotypes within the U.S. culture, LLMs are increasingly being

trained on texts from diverse languages and cultures, where each culture possesses its own set

of stereotypes. A potential implication of training models multilingually is the transmission of

harmful stereotypes across cultures. This may reinforce existing stereotypes among stakeholders

of the model, as well as create new stereotypes that are transmitted from a different language. I

thus utilize the proposed measurement approach to assess how cultural stereotypes leak across

various languages in multilingual language models (MLLMs). In this study, I define stereotype

leakage as the effect of stereotypic word associations in MLLMs of one language impacted by

stereotypes from other languages. I specifically examine stereotype leakages in English, Russian,

Chinese, and Hindi within the models mBERT [Müller et al., 2020], mT5 [Xue et al., 2020], and

GPT3.5 [Brown et al., 2020, OpenAI, 2023]. I conduct a human study in four languages to col-

lect cultural human stereotypes and measure stereotypic associations in MLLMs. Interestingly,

findings revealed that GPT3.5 is the model most affected by the influence of human stereotypes,

encompassing both stereotype leakages and stereotypes originating from the target language it-

self. Additionally, it’s noteworthy that Hindi, which is the relatively low-resourced language

among the four languages, exhibits the most significant stereotype leakage. With the widespread

usage of GPT models, these findings emphasize the necessity to align systems with stakeholders’
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diverse identities and to be cautious regarding stereotype leakages, particularly from dominant

cultures.

1.4 Summary of Contributions

This thesis makes several key contributions to the field of human-centered artificial intelli-

gence, focusing on the alignment of AI systems with human needs and values:

• Revealing user needs in specific AI applications and identifying gaps in existing AI sys-

tems: Through in-depth studies of two specific user groups — blind and visually impaired

users of visual question answering systems and volunteer content moderators using mod-

eration assistance tools — I have uncovered unique user requirements and highlighted the

shortcomings of current AI technologies in meeting these needs. The frameworks devel-

oped for studying these user groups can be extended to investigate user needs across a wide

range of AI applications.

• Proposing methodologies for assessing bias and stereotypes in large language models: I

have introduced novel datasets and methods to systematically evaluate bias and stereotypes

in AI systems. These contributions include the machine learning lifecycle framework for

identifying sources of bias, the Agency-Belief-Communion (ABC) model for measuring

stereotypical associations, and techniques for assessing stereotype leakage across cultures

in multilingual models. These methodologies provide a foundation for researchers and

developers to identify and mitigate harmful biases and stereotypes in AI systems.

• Emphasizing the importance of a human-centered approach in AI development: By demon-

strating the significance of aligning AI systems with human needs and values across diverse
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contexts, this thesis underscores the critical role of human-centered design in the develop-

ment of AI technologies. The insights and methodologies presented here contribute to the

growing body of research aimed at creating AI systems that effectively collaborate with and

empower human users while promoting fairness, inclusivity, and positive social impact.

These contributions advance our understanding of the challenges and opportunities in align-

ing AI systems with human needs and values, providing valuable tools and insights for re-

searchers, developers, and stakeholders working towards the responsible development and de-

ployment of artificial intelligence technologies.

1.5 Roadmap

This thesis is organized into five chapters. Chapter 2 provides background on AI align-

ment, discussing key concepts and related work in alignment. Chapter 3 investigates gender bias

in NLP systems, examining how biases can enter at each stage of the machine learning lifecycle.

Chapter 4 explores the alignment of AI systems with specific user needs in two application con-

texts: content moderation assistance for volunteer moderators and visual question answering for

blind and visually impaired users. Chapter 5 addresses the alignment of AI systems with human

values, focusing on the assessment of stereotypes in large language models across diverse user

identities and cultural contexts. Finally, Chapter 6 concludes the thesis, summarizing the main

findings, contributions, and future directions.
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Chapter 2: Background

The widespread adoption of personal computers since the 1980s initially captivated people

with their technical advancements but soon highlighted significant usability issues. Users fre-

quently expressed frustration with unintuitive computer interfaces and complex features [Baecker

et al., 1995]. To address these challenges, the field of Human-Computer Interaction (HCI) was

established, initially aiming to overcome these considerable obstacles in computer software de-

sign [Xu et al., 2021]. This led to developments such as graphical user interfaces (GUIs), which

simplified user interaction, and the creation of user-friendly desktop environments and interactive

devices like the mouse, vastly improving the user experience.

As pointed out by Xu et al. [2021], the pattern is repeating with AI development. Since

the Turing test [Turing, 1950], artificial intelligence (AI) technologies have been focusing on

algorithmic advancement aiming to simulate human cognitive abilities and behaviors. Humans

are thus viewed as “cognitive machines” that could be mimicked through AI systems [Winograd,

2006]. Early "Good Old Fashioned AI" (GOFAI) approaches focused on symbolic reasoning,

logic systems, and knowledge representation to model human expertise [Haugeland, 1989]. As

computational power increased, statistical and machine learning models demonstrated more ro-

bust capabilities on specialized tasks like computer vision and natural language processing. In

recent years, the development of deep neural networks, as well as large pre-trained language mod-
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els, have demonstrated remarkable advances on benchmark tests of perception, reasoning, and

language understanding [Bommasani et al., 2021]. Advances in AI have thus clearly expanded

computational capabilities, yet translation to real-world benefits outside of narrow applications

remains unclear. According to a survey by the Pew Research Center [Rainie et al., 2022], “less

than half of the public believes technologies would improve things over the current situation.”

Key concerns among the public include the safe and ethical usage of the technologies, human

over-reliance on them, and uncertainty about the real social impact they may bring.

To address these issues, researchers suggested once again going back to humans — taking

a human-centered approach to improve human-AI collaborations, which led to the emergence of

human-centered AI (HCAI) as an important area of research [Shneiderman, 2022a]. It empha-

sizes the complexity of human users, both internally, as they have different demographic back-

grounds, prior experiences, needs, and interests, and externally, as they interact with various so-

cial environments and contexts [Auernhammer, 2020]. Recognizing this complexity, researchers

in HCI sought a human-centered, design-oriented approach to improve human-computer interac-

tions [Winograd, 2006]. Specifically, the field examines how users engage with computational

systems and aims to make these interactions as effective, efficient, safe, and satisfying as possible.

Within the broad spectrum of Human-Centered Artificial Intelligence (HCAI), a critical

topic is AI system alignment. The concept of alignment first emerged in discussions about su-

perintelligence, emphasizing the moral alignment of AI systems with human values, particularly

focusing on concepts like friendliness [Bostrom, 2003, Yudkowsky, 2004]. Subsequent research

has explored various facets of alignment. In the realm of reinforcement learning, the focus has

been on agent intention alignment, wherein reward functions are developed to ensure AI agents

align with human values and intentions in task execution [Dewey, 2011, Leike et al., 2018]. The
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advent of large pre-trained models has further broadened the scope of alignment, introducing

dimensions such as safety and harm. Gabriel [2020] suggested that alignment should encom-

pass human instructions, intentions, revealed preferences, ideal preferences, interests, and val-

ues. Terry et al. [2023] examined alignment in interactive AI systems, considering it through

user interaction cycles as specification alignment, process alignment, and evaluation support.

In my dissertation, I concentrate on AI systems’ alignment with users’ needs, akin to intention

alignment, as well as alignment with human ethical values.

2.1 Alignment with User Needs

Emerging AI technologies are unlocking promising new possibilities for human-machine

collaboration. AI systems can bring multifaceted benefits when thoughtfully integrated to com-

plement human strengths. It can be used to reduce human labor for repetitive and tiring work.

For example, content moderation is a timely- and emotionally-consuming work for moderators.

AI technology can help alleviate moderation burdens and reduce moderator burnout [Kiene and

Hill, 2020, Seering et al., 2018]. For example, prior study has shown that automation is helpful

when communities experience unprecedented or unexpected growth, such as in cases where com-

munities receive an influx of new users [Kiene et al., 2016] and in cases where communities are

subject to sustained brigades of bad actors spamming hateful content [Han et al., 2023]. More-

over, AI can complement human skills in areas such as data analysis. Systems can rapidly process

volumes of data unmanageable for people to surface insights around trends, correlations, and pat-

terns [Cui et al., 2021]. Humans then leverage strengths like contextual reasoning and creative

abstraction to interpret implications to inform decisions or recommendations. This demonstrates
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how AI and human collaborators can enhance one another — AI expands analytic breadth and

capacity while humans supply guidance, oversight, and nuanced perspective. Furthermore, AI

can enhance human capabilities, such as creativity. In creative writing, for instance, AI writing

assistants can provide idea-generation support by offering inspirational prompts and suggestions

when authors experience lulls in their workflow [Clark et al., 2018].

However, adapting technologies to real-life applications presents significant challenges.

One key issue is the frequent misalignment between system functions and users’ needs. For

instance, users often need better system explanations or greater transparency. In AI programming

assistants, a user study revealed that users face difficulties in debugging generated code and

integrating it into their projects due to insufficient understanding of the system’s capabilities or

framework [Lin, 2017, Ferdowsifard et al., 2020]. Another challenge is the diminished human

agency in certain contexts [Shneiderman, 2022b]. A study [Liang et al., 2024] found that software

developers struggled to steer the system towards generating desired outputs. Furthermore, the

need for human agency versus automation can vary widely depending on the application, the

user, and their specific use cases [Kang and Lou, 2022]. These challenges highlight the necessity

for AI technologies to be designed with a user-centric approach in order to align with users’ needs

and be truly useful.

2.2 User Involved Design

To tackle these challenges, researchers have developed various methods for incorporating

user perspectives into system design. The concept of user-involved design was first introduced

in the book “Participatory Design,” which highlights the importance of involving end-users in
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the design process, particularly those who will utilize the technology in their everyday lives and

work [Schuler and Namioka, 1993]. Kujala [2003] further developed a taxonomy of different

user-involved design approaches, analyzing their respective challenges and advantages. Amershi

et al. [2019] propose applicable guidelines for designing AI systems with users in the loop.

One fundamental approach in this domain is “usability engineering” [Wixon and Wilson,

1997], which involves defining, measuring, and enhancing a system’s usability by incorporating

user input throughout the process. This approach shares similarities with the modern process of

machine learning (ML) model development. In a similar vein, Gould and Lewis [1985] promote

a user-centered design approach, emphasizing the importance of focusing on potential users early

in the development process to prevent unnecessary efforts.

Going beyond mere user input, participatory and co-operative design methodologies in-

volve a deeper collaboration between designers and users [Floyd et al., 1989]. In these ap-

proaches, both parties work together in planning and crafting the design, ensuring a more holistic

and user-centric development process. Such approaches have been successfully implemented

in various fields. For instance, in healthcare, participatory design involves patients, caregivers,

and healthcare professionals in shaping healthcare services and facilities [Neuhauser and Kreps,

2011]. Similarly, in the realm of educational technology, participatory design is utilized to incor-

porate the perspectives of teachers, students, and education experts into the development of tools

and platforms [Christian Dindler and Iversen, 2020].

Extending beyond considering the needs and feedback of direct end-users, value sensitive

design methods involve identifying and integrating the values of all stakeholders, both direct and

indirect, in the design process [Friedman et al., 2017]. They acknowledge that technology design

and deployment can have far-reaching impacts and thus aim to be proactive in understanding and
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addressing the values, needs, and ethical considerations of a broader group of stakeholders.

2.3 Accessibility

Building upon the ISO [1998] definition of usability, its revision emphasizes the signif-

icance of user experience [Bevan et al., 2015]. Notably, this revision broadens the scope of

usability by incorporating Accessibility, mandating systems to be “effective, efficient and satisfy-

ing for users with the widest range of capabilities.” However, given the diverse and progressive

nature of disability, coupled with the challenges in collecting and understanding data on disabil-

ity, there exists a persistent risk that the development of AI technologies may leave people with

disabilities underserved.

Disability is not homogeneous — individuals may experience a range of disabilities, each

varying in intensity and impact, which can also fluctuate over time [Trewin, 2018]. This makes it

challenging to collect representative data to cover all disabilities. This diversity presents a signif-

icant challenge in collecting data that accurately represents all types of disabilities. Additionally,

as reported in the case study by Blaser and Ladner [2020], there is a lack of standardized prac-

tices for collecting disability data. Many studies prioritize demographics like gender and race,

often overlooking disability data. Furthermore, disability information can be sensitive; in some

instances, it’s considered confidential, and Institutional Review Boards (IRBs) may restrict its

collection.

Consequently, disability data is frequently absent in many studies. This gap poses a risk

in the development of AI systems, where data concerning disabilities might be misinterpreted as

outliers and disregarded [Trewin, 2018]. Such oversight can lead to considerable frustrations for

17



disabled individuals when using these AI systems. For instance, Glazko et al. [2023] observed

that generative AI systems often struggle to produce authentic-looking happy pictures of people

with disabilities. Additionally, they noted that these systems frequently require human verifica-

tion, a task that can be particularly challenging for people with disabilities. This requirement

significantly reduces the utility of these systems for people with disabilities. Furthermore, pri-

vacy and security is another significant concern when it comes to sharing disability data. Such

data often includes sensitive personal information, yet there is a noticeable absence of accessible

methods for users to review and give their consent for data sharing [Kamikubo et al., 2023].

Many studies have contributed to closing the gap. To expand the dataset for accessibility,

Park et al. [2021] proposed design guidelines for collecting data from people with disabilities

through online infrastructure, and Kacorri et al. [2020] constructed a data surfacing repository

to aggregate accessibility datasets. Many datasets on disability were also published, such as

the visual question answering dataset collected from blind people [Bigham et al., 2010] and

American sign language datasets collected from deaf people [Desai et al., 2023, Martinez et al.,

2002].

2.4 Alignment with Human Values

Aligning AI systems with user needs enables the systems to augment human capabilities in

various task performances. In addition to that, ensuring these systems align with human values

is also crucial for fostering safe and enjoyable interactions for all the stakeholders. This pre-

vents the systems from causing direct harm to users, such as by producing harmful, insulting, or

stereotypically biased language. Moreover, it diminishes the risk of AI systems perpetuating or
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exacerbating the cycle of reinforcing stereotypes. Hence, a great number of studies have been

dedicated to understanding and quantifying the fairness levels of systems, as well as to developing

strategies to improve the alignment.

2.4.1 Fairness and Inclusiveness

Gender bias stands as the most explored domain within the field of fairness. It has been the

subject of extensive research in various NLP systems, including but not limited to coreference

resolution [Rudinger et al., 2018, Levesque et al., 2012, Zhao et al., 2018a, Webster et al., 2018],

natural language inference [Rudinger et al., 2017], occupation classification [De-Arteaga et al.,

2019a], sentiment analysis [Kiritchenko and Mohammad, 2018], and machine translation [Font

and Costa-jussà, 2019, Prates et al., 2019, Dryer, 2013, Frank et al., 2004, Wandruszka, 1969,

Nissen, 2002, Doleschal and Schmid, 2001]. Overall, these studies reveal that NLP systems tend

to encode substantial gender biases, manifesting in ways such as associating gender pronouns

with stereotypical roles and professions, and defaulting to male references in gender-neutral sce-

narios in machine translation. Additionally, some researches also investigate gender biases in

general language models, both intrinsically through word embedding associations [Bolukbasi

et al., 2016a, De-Arteaga et al., 2019a, Gonen and Goldberg, 2019] and extrinsically in gen-

erative outputs [Tamkin et al., 2023]. However, much of this research has traditionally viewed

gender bias through a binary lens, often implicitly. This limitation has been highlighted by Larson

[2017a] and May [2019].

Going beyond gender bias, studies have also delved into other domains of identity, notably

racial bias. The majority of these studies concentrate on the dichotomy of “Black” versus “White”
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or “African American” versus “Caucasian American” [Field et al., 2021]. Findings from this body

of research indicate that systems often exhibit representational biases against African Americans

[Caliskan et al., 2017a, Manzini et al., 2019]. Several studies have also demonstrated that systems

tend to underperform when processing African American English (AAE) [Blodgett et al., 2018,

Groenwold et al., 2020, Sandoval et al., 2023], frequently misclassifying AAE as toxic or abusive

[Davidson et al., 2019, Dixon et al., 2018].

In recent years, there has been an increasing focus on understanding biases in AI systems

towards individuals with disabilities. Research in this area has highlighted various instances

where AI systems demonstrate shortcomings in handling data related to people with disabilities

across different tasks [Guo et al., 2020]. For instance, it has been observed that language models

frequently misinterpret content about disabilities as toxic [Hutchinson et al., 2020] and tend to

associate these identities with negative sentiments [Venkit et al., 2022]. Additionally, Massiceti

et al. [2023] have revealed that Large Pre-trained Models (LPMs) are less adept at recognizing

objects associated with disability compared to those not linked to disabilities, indicating a gap in

the system’s holistic representation of this demographic.

Recent studies have broadened the scope to encompass a wide range of identities, assessing

stereotypical biases manifested in AI systems across these diverse domains. Research by Nadeem

et al. [2020] and Nangia et al. [2020] has delved into identities related to nationality, race, reli-

gion, profession, orientation, disability, age, appearance, socioeconomic status, and gender. They

proposed datasets specifically designed to evaluate whether large language models exhibit stereo-

typical biases toward these diverse identity groups. Additionally, Li et al. [2020] have probed

transformer-based question answering models for stereotypes related to gender, nationality, reli-

gion, and ethnicity. Furthermore, Sotnikova et al. [2021a] explored stereotypes through inference
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tasks, examining how potential targets of stereotypes are portrayed in realistic, neutral contexts.

The predominant focus on English in prior studies of gender bias in NLP overlooks the

nuances and potential insights offered by other languages. Moving beyond the context of US

culture, various works have examined stereotypes from different cultural perspectives. Levy

et al. [2023] and Câmara et al. [2022] delve into stereotypic biases in sentiment analysis systems

across multiple languages. Zhao et al. [2020] introduced a dataset to investigate bias in multi-

lingual word embeddings across four languages. Additionally, González et al. [2020] presented

a template-based anti-reflexive gender bias dataset for examining pronoun translations in four

different languages. In a broader scope, Dev et al. [2023] and Jha et al. [2023] created datasets

encompassing stereotypes from 178 countries. Extending their research further, Jha et al. [2024b]

explore visual stereotypes on a global scale.

2.4.2 Fairness Assessment Methods

To quantify these biases, various fairness metrics and datasets have been proposed. They

can be roughly categorized into two categories: extrinsic and intrinsic metrics [Goldfarb-Tarrant

et al., 2021]. Intrinsic fairness metrics probe into the fairness of the language models [Guo and

Caliskan, 2021, Kurita et al., 2019, Nadeem et al., 2020, Nangia et al., 2020], whereas extrinsic

fairness metrics evaluate the fairness of the whole system through downstream predictions and

generations [Dhamala et al., 2021, Jigsaw, 2019b, De-Arteaga et al., 2019b]. Extrinsic metrics

measure the fairness of system outputs, which are directly related to the downstream bias that

affects end users. However, they only inform the fairness of the combined system components,

whereas intrinsic metrics directly analyze the bias encoded in the contextualized language mod-
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els. In this section, I will discuss both intrinsic and extrinsic fairness evaluation methods.

2.4.2.1 Intrinsic Fairness Assessment

For measuring intrinsic model fairness, past work has generally taken one of two ap-

proaches. The first approach tests systems with hand-constructed templates like “The [group]

is □”, where [group] ranges over social groups (e.g., “woman” or “Hispanic”), and □ repre-

sents a “masked word” and ranges over occupations (“a professor” or “a nurse”) [e.g., Bolukbasi

et al., 2016b, May et al., 2019] or associations drawn from implicit association tests (IAT) (e.g.,

pleasant/unpleasant words or career/family-related words) [e.g., Caliskan et al., 2017b, Guo and

Caliskan, 2021]. The second approach collects more natural sentences containing stereotypes,

either by web crawling with crowdworkers annotations for social bias [Sap et al., 2019] or by

having crowdworkers directly write stereotyping sentences [Nangia et al., 2020, Nadeem et al.,

2020]. Both approaches measure stereotypes by calculating the word associations between the

group identities and the stereotypic content. Following are two commonly-used word association

measurements.

Increased Log Probability Score (ILPS) quantifies word associations in language models

through masked word probabilities. It calculates the association score with a pre-defined tem-

plate, “[Group] are □.” [Kurita et al., 2019], where □ is a masked token. For example, given

a group “Asian” and a trait smart, P (“Asian”,smart) measures the probability of smart

given “Asians” by filling in the template. Since this probability is affected by the prior proba-

bility of smart, ILPS normalizes this probability by the “prior” probability of the trait given a

masked group, as below:
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ILPS(g,t) = log
P (□ = t | g are □.)

P (□2 = t | □1 are □2.)
(2.1)

Intuitively, ILPS measures how much each group raises the likelihood of a trait filling in the

template. One can easily show that this equivalent to the weight of evidence of the trait in favor

of the hypothesis that the group is the target: s(g,t) = woe(g : t | template) [Wod, 1985].

Contextualized Embedding Association Test (CEAT) estimates word associations with word

embedding distances [Guo and Caliskan, 2021] . Intuitively, CEAT measures whether some

groups are closer to certain traits in a latent vector space. Given two sets of target words defining

groups X, Y (e.g. Xmale = {“man”, “father”, ...}, Yfemale = {“woman”, “mother”, ...}) and two

sets of polar traits A,B (e.g. Apleasant = { love, peace, ...}, Bpleasant = { evil, nasty, ... }),

CEAT computes the effect sizes of the difference between X and Y being closer to A than B and

corresponding p-values. Since contextualized word representations are affected by the contexts

around the word, for each word in the four word sets, CEAT randomly samples 1000 sentences

from Reddit, in which the word appears, and uses these to approximate the true effect size as

below:

CEAT(A,B,X, Y ) =
Ê

g∼X
s(g,A,B)− Ê

g∼Y
s(g,A,B)

Ŝ
g∼X∪Y

s(g,A,B)
(2.2)

s(g, A,B) = Ê
t∼A

cos(g,t)− Ê
t∼B

cos(g,t)

Ê (resp. Ŝ) is the empirical expectation (resp. standard deviation), and x denotes the embedding

23



of x.

In our setting, since we care about social bias among multiple groups rather than the dif-

ference between two groups, we modify the CEAT to calculate the effect size of the distance

difference between g with A and B for each group as below:

CEAT(g, A,B) =
Ê
t∼A

cos(g,t)− Ê
t∼B

cos(g,t)

Ŝ
t∼A∪B

cos(g,t)
(2.3)

2.4.2.2 Extrinsic Fairness Assessment

Extrinsic fairness assessment methods evaluate a model’s fairness based on its outputs,

which can be either classification or generative outputs. In classification tasks, the primary focus

is on addressing quality of service or allocation harms that may arise from model biases. As

such, these metrics are designed to determine whether the model makes fair decisions across

different groups. Common metrics include the demographic parity score, which measures the

probability disparity of being classified with a positive label among various groups [Feldman

et al., 2015], equal opportunity, assessing the variance in True Positive Rates (TPR) between

groups [Hardt et al., 2016], and treatment equality, which examines the differences in the ratio

of False Negative Predictions (FNR) to False Positive Predictions (FPP) among different groups

[Berk et al., 2017].

In generative tasks, fairness metrics aim to address biases impacting quality of service

or leading to representational harms. These metrics critically analyze whether models produce

unwarranted stereotypical assumptions in their outputs. For instance, in question answering tasks,

research often evaluates whether the model defaults to stereotypes instead of factual information,
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particularly in ambiguous scenarios [Parrish et al., 2022]. In constrained text generation, studies

investigate whether the model’s content is unduly swayed by a character’s identity [Dhamala

et al., 2021, Yang et al., 2023]. Similarly, in natural language inference tasks, the focus is on

examining whether the model makes inappropriate inferences influenced by people’s identities

[Sotnikova et al., 2021b, Sap et al., 2019].
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Chapter 3: Bias Entering Machine Learning Lifecycle

Joint work with Hal Daumé III. Appeared at Computational Linguistics 2021

In pursuing the goal of aligning artificial intelligence systems with human needs and values,

it is crucial to identify and address potential sources of misalignment. In this chapter, we examine

how biases, particularly gender biases, can enter natural language processing systems at various

stages of the machine learning lifecycle. We also discuss how these misalignments may harm

various stakeholders of the systems. We use coreference resolution systems as an example to

illustrate these issues.

3.1 Overview

Coreference resolution—the task of determining which textual references resolve to the

same real-world entity—requires making inferences about those entities. Especially when those

entities are people, coreference resolution systems run the risk of making unlicensed inferences,

possibly resulting in harms either to individuals or groups of people. Embedded in corefer-

ence inferences are varied aspects of gender, both because gender can show up explicitly (e.g.,

pronouns in English, morphology in Arabic) and because societal expectations and stereotypes

around gender roles may be explicitly or implicitly assumed by speakers or listeners. This can
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lead to significant biases in coreference resolution systems: cases where systems “systematically

and unfairly discriminate against certain individuals or groups of individuals in favor of others”

[Friedman and Nissenbaum, 1996b, p. 332].

Gender bias in coreference resolution can manifest in many ways; work by Rudinger et al.

[2018], Zhao et al. [2018a], and Webster et al. [2018] focused largely on the case of binary gender

discrimination in trained coreference systems, showing that current systems over-rely on social

stereotypes when resolving HE and SHE pronouns1 (see section 3.2). Contemporaneously, critical

work in Human-Computer Interaction has complicated discussions around gender in other fields,

such as computer vision [Keyes, 2018, Hamidi et al., 2018].

Building on both lines of work, and inspired by Keyes’s [2018] study of vision-based au-

tomatic gender recognition systems, we consider gender bias from a broader conceptual frame

than the binary “folk” model. We investigate ways in which folk notions of gender—namely that

there are two genders, assigned at birth, immutable, and in perfect correspondence to gendered

linguistic forms—lead to the development of technology that is exclusionary and harmful of bi-

nary and non-binary trans and non-trans people.2 We take the normative position that while the

folk model of gender is even today wide-spread, building systems that adhere to it implicitly or

explicitly can lead to significant harms to binary and non-binary trans individuals, and that we

should aim to understand and minimize those harms. We take this as particularly important not

just from the perspective of potentially improving the quality of our systems when run on doc-

1Throughout, we avoid mapping pronouns to a “gender” label, preferring to use the nominative case of the
pronoun directly, including (in English) SHE, HE, the non-binary use of singular THEY, and neopronouns (e.g.,
ZE/HIR, XEY/XEM), which have been in usage since at least the 1970s [Bustillos, 2011, Merriam-Webster, 2016,
Bradley et al., 2019, Hord, 2016, Spivak, 1997].

2Following GLAAD [2007], transgender individuals are those whose gender differs from the sex they were
assigned at birth. This is in opposition to cisgender (or non-trans) individuals, whose assigned sex at birth hap-
pens to correspond to their gender. Transgender individuals can either be binary (those whose gender falls in the
“male/female” dichotomy) or non-binary (those for which the relationship is more complex).
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uments by or about trans people (as well as documents by or about non-trans people), but more

pointedly to minimize the harms caused by our systems by reinforcing existing unjust social

hierarchies [Lambert and Packer, 2019].

Because coreference resolution is a component technology embedded in larger systems,

directly implicating coreference errors in user harms is less straightforward than for user-facing

technology. Nonetheless, there are several stakeholder groups who may easily face harms when

coreference is used in the context of machine translation or search engine systems (discussed in

detail in subsection 3.4.5). Following Bender’s [2019] taxonomy of stakeholders and Barocas

et al.’s [2017] taxonomy of harms, there are several obvious ways in which trans exclusionary

coreference resolution systems can hypothetically cause harm:

• Indirect: subject of query. If a person is the subject of a web query, relevant web pages

about xem may be downranked if “multiple references to the same person” is an important

feature in ranking and the coreference system cannot recognize and resolve xyr pronouns.

This can lead to quality of service and erasure harms.

• Direct: by choice. If a grammar checker uses coreference features, it may insist that an

author writing hir third-person autobiography is repeatedly making errors in refering to

hirself. This can lead to quality of service and stereotyping (by reinforcing the stereotype

that trans identities are not “real”).

• Direct: not by choice. If an information extraction on job applications uses a coreference

system as a preprocessor, but the coreference system relies on cisnormative assumptions,

then errors may disproportionately affect those who do not fit in the gender binary. This

can lead to allocative harms (for hiring) as well as erasure harms.

• Many stakeholders If a machine translation system needs to use discourse context to gener-
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ate appropriate pronouns or gendered morphological inflections in a target language, then

errors can result in directly misgendering3 subjects of the document being translated.

To address these (and other) potential harms in more detail, as well as where and how they

arise, we need to (a) complicate what “gender” means and (b) uncover how harms can enter

into natural language processing (NLP) systems. Toward (a), we begin with a unifying analysis

(section 3.3) of how gender is socially constructed, and how social conditions in the world impose

expectations around people’s gender. Of particular interest is how gender is reflected in language,

and how that both matches and potentially mismatches the way people experience their gender

in the world. This reflection is highlighted, for instance, in folk notions such as an implicitly

assumed one-to-one mapping between a gender and pronouns. Then, in order to understand social

biases around gender, we find it necessary to consider the different ways in which gender can be

realized linguistically, breaking down what previously have been considered “gendered words” in

NLP papers into finer-grained categories of lexical, referential, grammatical, and social gender.

Through this deconstruction (well-established in socio-linguistics), we can begin to interrogate

what forms of gender stereotyping are prevalent in coreference resolution.

Toward (b), we ground our analysis by adapting Vaughan and Wallach’s [2019] framework

of how a prototypical machine learning lifecycle operates4. We analyze forms of gender bias

in coreference resolution in six of the eight stages of the lifecycle in Figure 3.1. We conduct

much of our analysis around task definition (subsection 3.4.1), bias in underlying text (subsec-

tion 3.4.2), model definition (subsection 3.4.4), and evaluation methodologies (subsection 3.4.5)

3According to Clements [2018], misgendering occurs when you intentionally or unintentionally refer to a person,
relate to a person, or use language to describe a person that doesn’t align with their affirmed gender.

4Vaughan and Wallach [2019] do not distinguish data collection and data annotation (and call the combined step
“Dataset Construction”); for us, the separation is natural and useful for analysis. We also replace “Test Model”
and “Deploy Model” with “Test System” and “Deploy System”, where system is more inclusive with training data,
trained model, and etc.
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Figure 3.1: Machine learning lifecycle, with pointers to sections in this paper and some possible
sources of bias listed for each state of the lifecycle; adapted from Vaughan and Wallach [2019].

by evaluating prior coreference datasets, their corresponding annotation guidelines, and through

a critical read of “gender” discussions in natural language processing papers. For our analysis of

bias in annotations due to annotator positionality (subsection 3.4.3), and our analysis of model

definition (subsection 3.4.4), we construct two new coreference datasets: MAP (a similar dataset

to GAP [Webster et al., 2018] but without binary gender constraints on which we can perform

counterfactual manipulations; see subsection 3.4.2) and GICoref (a fully annotated coreference

resolution dataset annotated on written by and/or about trans people; see subsubsection 3.4.4.3).5

In all cases, we focus largely on harms due to over- and under-representation [Kay et al., 2015],

replicating stereotypes [Sweeney, 2013, Caliskan et al., 2017a] (particular those that are cis-

normative and/or heteronormative), and quality of service differentials Buolamwini and Gebru

[2018].

The primary contributions of this chapter are:

• Analyzing gender bias in the entire coreference resolution lifecycle, with a particular focus

on how coreference resolution may fail to adequately process text involving binary and

5Both datasets are released under a BSD license at github.com/TristaCao/into_inclusivecoref with corresponding
datasheets [Gebru et al., 2018a].
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non-binary trans referents (section 3.4).

• Developing an ablation technique for measuring gender bias in coreference resolution

annotations, focusing on the human biases that can enter into annotation tasks (subsec-

tion 3.4.3).

• Constructing a new dataset, the Gender Inclusive Coreference dataset (GICOREF), for test-

ing performance of coreference resolution systems on texts that discuss non-binary and

binary transgender people (subsubsection 3.4.4.3).

• Connecting existing work on gender bias in natural language processing to sociological and

sociolinguistic conceptions of gender to provide a scaffolding for future work on analyzing

“gender bias in NLP” (section 3.3).

We conclude (section 3.5) with a discussion of how the natural language processing community

can move forward in this task in particular, and also how this case study can be generalized to

other language settings. Our goal is to highlight issues in previous instantiations of coreference

resolution in order to improve tomorrow’s instantiations, continuing the lifecycle of coreference

resolutions’ various task definition updates from MUC7 in 2001 through ACE in the mid 2000s

and up to today.

3.2 Other Related Work

There are four related papers that consider gender bias in coreference resolution systems.

Rudinger et al. [2018] evaluates coreference systems for evidence of occupational stereotyp-

ing, by constructing Winograd-esque [Levesque et al., 2012] test examples. They find that hu-

mans can reliably resolve these examples, but systems largely fail at them, typically in a gender-
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stereotypical way. In contemporaneous work, Zhao et al. [2018a] proposed a very similar, also

Winograd-esque scheme, also for measuring gender-based occupational stereotypes. In addition

to reaching similar conclusions to Rudinger et al. [2018], this work also used a similar “counter-

factual” data process as we use in subsubsection 3.4.3.1 in order to provide additional training

data to a coreference resolution system. Webster et al. [2018] produced the GAP dataset for evalu-

ating coreference systems, by specifically seeking examples where “gender” (left underspecified)

could not be used to help coreference. They found that coreference systems struggle in these

cases, also pointing to the fact that some success of current coreference systems is due to reliance

on (binary) gender stereotypes. Finally, Ackerman [2019] presents an alternative breakdown of

gender than we use (section 3.3), and proposes matching criteria for modeling coreference reso-

lution linguistically, taking a trans-inclusive perspective on gender.

Gender bias in NLP has been considered more broadly than just in coreference resolution,

including, for instance, natural language inference [Rudinger et al., 2017], word embeddings

[e.g., Bolukbasi et al., 2016a, Romanov et al., 2019, Gonen and Goldberg, 2019], sentiment

analysis [Kiritchenko and Mohammad, 2018], machine translation [Font and Costa-jussà, 2019,

Prates et al., 2019], among many others [Blodgett et al., 2020, inter alia]. Gender is also an object

of study in gender recognition systems [Hamidi et al., 2018]. Much of this work has focused on

gender bias with a (usually implicit) binary lens, an issue which was also called out recently by

Larson [2017b].

Outside of NLP, there have been many studies looking at how gender information (partic-

ularly in languages with grammatical gender) are processed by people, using either psycholin-

guistic or neurolinguistic studies. For instance, Garnham et al. [1995] and Carreiras et al. [1996]

use reading speed tests for gender-ambiguous contexts, and observe faster reading when the ref-
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erence was “obvious” in Spanish. Relatedly, Esaulova et al. [2014] and Reali et al. [2015] con-

duct eye movement studies around anaphor resolution in German, corresponding to stereotypical

gender roles. In neurolinguistic studies, Osterhout and Mobley [1995] and Hagoort and Brown

[1999] looked at event-related potential (ERP) violations for reflexive pronouns and antecedent

in English, finding similar effects to violations of number agreement, but different effects from

semantic violations. Osterhout et al. [1997] found ERP violations of the P600 type for violations

of social gender stereotypes.

Issues of ambiguity in gender are also well documented in the translation studies litera-

ture, some of which have been discussed in the machine translation setting. For example, when

translating from a language that can drop pronouns in subject position—the vast majority of the

world’s languages [Dryer, 2013]—to a language like English that (mostly) requires pronominal

subjects, a system is usually forced to infer some pronoun, significantly running the risk of mis-

gendering. Frank et al. [2004] observe that human translators may be able to use more global

context to resolve gender ambiguities than a machine translation system that does not take into

account discourse context. However, in some cases using more context may be insufficient, either

because the context simply does not contain the answer6, or because different languages mark for

gender in different ways: e.g., Hindi verbs agree with the gender of their objects, and Russian

verbal forms sometimes inflect differently depending on the gender of the speaker, the addressee,

or the person being discussed [Doleschal and Schmid, 2001].

6For instance, the gender of the chef de cuisine in Daphne du Maurier’s Rebecca is never referenced, and differ-
ent human translators have selected different genders when translating that book into languages with grammatical
gender [Wandruszka, 1969, Nissen, 2002].
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3.3 Background: Linguistic & Social Gender

The concept of gender is complex and contested, covering (at least) aspects of a person’s

internal experience, how they express this to the world, how social conditions in the world impose

expectations on them (including expectations around their sexuality), and how they are perceived

and accepted (or not). When this complex concept is realized in language, the situation becomes

even more complex: linguistic categories of gender do not even remotely map one-to-one to

social categories. In order to properly discuss the role that “gender” plays in NLP systems in

general (and coreference in particular), we first must work to disentangle these concepts. For

without disentangling them (as few previous NLP papers have; see subsection 3.4.1), we can

end up conflating concepts that are fundamentally different and, in doing so, rendering ourselves

unable to recognize certain forms of bias. As observed by Bucholtz [1999]:

“Attempts to read linguistic structure directly for information about social gender

are often misguided.”

For instance, when working in a language like English which formally marks gender on pro-

nouns, it is all too easy to equate “recognizing the pronoun that corefers with this name” with

“recognizing the real-world gender of referent of that name.” Thus, possibly without even wish-

ing to do so, we may effectively assume that “she” is equivalent to “female”, “he” is equivalent

to “male”, and no other options are possible. This assumption can leak further, for instance by

leading to an incorrect assumption that a single person cannot be referred to as both “she” and

“he” (which can happen because a person’s gender is contextual), nor by neither of those (which

can happen when a person’s gender does not align well with either of those English pronouns).
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Furthermore, despite the impossibility of a perfect alignment with linguistic gender, it is

generally clear that an incorrectly gendered reference to a person (whether through pronominal-

ization or otherwise) can be highly problematic. This process of misgendering is problematic for

both trans and cis individuals (the latter, for instance, in the all too common case of all computer

science professors receiving “Dear Sir” emails), to the extent that transgender historian Stryker

[2008] commented that:

“[o]ne’s gender identity could perhaps best be described as how one feels about

being referred to by a particular pronoun.”

In what follows, we first discuss how gender is analyzed sociologically (subsection 3.3.1), then

how gender is reflected in language (subsection 3.3.2), and finally how these two converge or

diverge (subsection 3.3.3). Only by carefully examining these two constructs, and their compli-

cated relationship, will we be able to tease apart different forms of gender bias in NLP systems.

3.3.1 Sociological Gender

Many modern trans-inclusive models of gender recognize that gender encompasses many

different aspects. These aspects include the experience that one has of gender (or lack thereof),

the way that one expresses one’s gender to the world, and the way that normative social condi-

tions impose gender norms, typically as a dichotomy between masculine and feminine roles or

traits [Kramarae and Treichler, 1985]. The latter two notions are captured by the “doing gender”

model from social constructionism, which views gender as something that one does and to which

one is socially accountable [West and Zimmerman, 1987, Butler, 1989, Risman, 2009]. How-

ever, viewing gender purely through the lens of expression and accountability does not capture
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the first aspect: one’s experience of one’s own gender [Serano, 2007].

Such trans-inclusive views deconflate anatomical and biological traits and the sex that a

person had assigned to them at birth from one’s gendered position in society; this includes in-

tersex people, whose anatomical/biological factors do not match the usual designational criteria

for either sex. Trans-inclusive views further typically recognize that gender exists beyond the

regressive “female”/“male” binary7; additionally, that one’s gender may shift by time or context

(often “genderfluid”), and some people do not experience gender at all (often “agender”) [Kessler

and McKenna, 1978, Schilt and Westbrook, 2009, Darwin, 2017, Richards et al., 2017]. These

models of gender contrast with “folk” views (that are prevalent both in linguistics, sociology,

and science more broadly, as well as many societies at large) which assume that ones gender

is defined by one’s anatomy (and/or chromosomes), that gender is binary between “male” and

“female,” and that one’s gender is immutable. . . all of which are inconsistent with reality as it has

been known for at least two thousand years.8 In subsection 3.4.1 we will analyze the degree to

which NLP papers make assumptions that are trans-inclusive or trans-exclusive.

Social gender9 refers to the imposition of gender roles or traits based on normative social

conditions [Kramarae and Treichler, 1985], which often includes imposing a dichotomy between

feminine and masculine (in behavior, dress, speech, occupation, societal roles, etc.). Taking

gender role as an example, upon learning that a nurse is coming to their hospital room, a patient

may form expectations that this person is likely to be “female,” which in turn may generate

7Some authors use female/male for sex and woman/man for gender; we do not need this distinction (which is
itself contestable) and use female/male for gender.

8As identified by Keyes [2018], references appear as early as CE 189 in the Mishnah [HaNasi, 189]. Similar
references (with various interpretations) also appear in the Kama Sutra [Burton, 1883, Chapter IX], which dates
sometime between BCE 400 and CE 300. Archaeological and linguistic evidence also depicts the lives of trans
individuals around 500 BCE in North America [Bruhns, 2006] and around 2000 BCE in Assyria [Neill, 2008].

9 Ackerman [2019] highlights a highly overlapping concept, “bio-social gender”, which consists of gender role,
gender expression, and gender identity.
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expectations around how their face or body may look, how they are likely to be dressed, how

and where hair may appear, how to refer to them, and so on. This process, often referred to as

gendering [Serano, 2007] occurs both in real world interactions, as well as in purely linguistic

settings (e.g., reading a newspaper), in which readers may use social gender clues to assign

gender(s) to the real world people being discussed. For instance, it is social gender that may

cause an inference that my cousin is female in “My cousin is a librarian” or “My cousin is

beautiful.”

3.3.2 Linguistic Gender

Our discussion of linguistic gender largely follows [Corbett, 1991, Ochs, 1992, Craig, 1994,

Corbett, 2013, Hellinger and Motschenbacher, 2015], departing from earlier characterizations

that postulate a direct mapping from language to gender [Lakoff, 1975, Silverstein, 1979]. Here, it

is useful to distinguish multiple ways in which gender is realized linguistically (see also [Fuertes-

Olivera, 2007] for a similar overview). Our taxonomy is related but not identical to [Ackerman,

2019], which we discussed in section 3.2.

Grammatical gender, similarly defined in Ackerman [2019], is nothing more than a clas-

sification of nouns based on a principle of grammatical agreement. It is useful to distinguish

between “gender languages” and “noun class languages.” The former have two or three grammat-

ical genders that have, for animate or personal references, considerable correspondence between

a FEM (resp. MASC) grammatical gender and referents with female- (resp. male-)10 social gender.

In comparison, “noun class languages” have no such correspondence, and typically have many

10One difficulty in this discussion is that linguistic gender and social gender use the terms “feminine” and “mas-
culine” differently; to avoid confusion, when referring to the linguistic properties, we use FEM and MASC.
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more gender classes. Some languages have no grammatical gender at all; English is generally

seen as one (viewing that referential agreement of personal pronouns does not count as a form of

grammatical agreement, a view which we follow, but one that is contested [Nissen, 2002, Baron,

1971, Bjorkman, 2017]).

Referential gender (similar, but not identical to Ackerman’s (2019) “conceptual gender”)

relates linguistic expressions to extra-linguistic reality, typically identifying referents as “female,”

“male,” or “gender-indefinite.” Fundamentally, referential gender only exists when there is an

entity being referred to, and their gender (or sex) is realized linguistically. The most obvious

examples in English are gendered third person pronouns (SHE, HE), including neopronouns (ZE,

EM) and singular THEY11, but also includes cases like “policeman” when the intended referent of

this noun has social gender “male”. (Note that this is different from the case when “policeman”

is used exclusively non-referentially, as in “every policeman needs to hold others accountable”,

in which setting this is a case of lexical gender, as follows).

Lexical gender refers to extra-linguistic properties of female-ness or male-ness in a non-

referential way, as in terms like “mother” or “uncle” as well as gendered terms of address like

“Mrs.” and “Sir.” Importantly, lexical gender is a property of the linguistic unit, not a property of

its referent in the real world, which may or may not exist. For instance, in “Every son loves his

parents”, there is no real world referent of “son” (and therefore no referential gender), yet it still

(likely) takes HIS as a pronoun anaphor because “son” has lexical gender MASC.

We will make use of this taxonomy of linguistic gender in our ablation of annotation biases

in subsection 3.4.3, but first need to discuss ways in which notions of linguistic gender match (or

11People’s mental acceptability of singular THEY is still relatively low even with its increased usage [Prasad and
Morris, 2020], and depends on context [Conrod, 2018a].
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mismatch) from notions of social gender.

3.3.3 Interplays between Social and Linguistic Gender

The inter-relationship between all these types of gender is complex, and none is one-to-one.

An individuals’ gender identity may mismatch with their gender expression (at a given point in

time). The referential gender of an individual (e.g., pronouns in the case of English) may or may

not match either their gender identity or expression, and this may change by context. This can

happen in the case of people whose everyday life experience of their gender fluctuates over time

(at any interval), as well as in the case of drag performers (e.g., some men who perform drag are

addressed as SHE while performing, and HE when not [Anonymous, 2017, Butler, 1989]).

The other linguistic forms of gender (grammatical, lexical) also need not match each other,

nor match referential gender. For instance, a common example is the German term “Mädchen”,

meaning “girl” [e.g., Hellinger and Motschenbacher, 2015]. This term is grammatically neuter

(due to the diminutive “-chen” suffix), has lexical gender as “female”, and generally (but not

exclusively) has female referential gender (by being used to refer to people whose gender is fe-

male). The idiom “Mädchen für alles” (“girl for everything”, somewhat like “handyman”) allows

for male referents, sometimes with a derogatory connotation and sometimes with a connotation

of appreciation.12

Social gender (societal expectations, in particular) captures the observation that upon hear-

ing “My cousin is a librarian”, many speakers will infer “female” for “cousin”, because of either

an entailment of “librarian” or some sort of probabilistic inference [Lyons, 1977], but not based

on either grammatical gender (which does not exist anyway in English) or lexical gender. Such

12Dahl [2000] provides several several complications of this analysis.
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inferences can also happen due to interplays between social gender and heteronormativity. This

can happen in cases like “X’s husband”, in which some listeners may infer female social gender

for “X”, as well as in ambiguous cases like “X’s spouse”, in which some listeners may infer

“opposite” genders for “X” and their spouse (the inference of “opposite” additionally implies a

gender binary assumption).

In this chapter, we focus exclusively on English, which has no grammatical gender, but

does have lexical gender (e.g., in kinship terms like “mother” and forms of address like “Mrs.”).

English also marks referential gender on singular third person pronouns.

English THEY, in particular, is tricky, because it can be used to refer to:

• plural non-humans (e.g., a set of boxes),

• plural humans (e.g., a group of scientists),

• a quantified human of unknown or irrelevant gender (“Every student loves their grade”),

• an indefinite human of unknown or irrelevant gender (“A student forgot their backpack”),

• a definite specific human of unknown gender, or one of non-binary gender (“Parker saw

themself in the mirror”).13

This ontology is due to Conrod [2018b], who also investigates the degree to which these are

judged grammatical by native English speakers, and which we will use to quantify data bias

(subsection 3.4.3).

Below, we use this more nuanced notion of different types of gender to inspect where in

the machine learning lifecycle for English coreference resolution different types of bias play out.

These biases may arise in the context of any of these notions of gender, and we encourage future

13The use of singular they to denote referents of unknown gender dates back to the late 1300s, while the non-binary
use of they dates back at least to the 1950s [Merriam-Webster, 2016].
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MUC7 Message Understanding Conference 7 2001T02

Zh-PB3 Chinese Propbank 3.0 2003T13

ACE04 Automatic Content Extraction 2004 2005T09

BBN BBN Pronoun Coreference Corpus 2005T33

ACE05 Automatic Content Extraction 2005 2006T06

LUAC Language Understanding Annotation Corpus 2009T10

NXT NXT Switchboard Annotations 2009T26

MASC3 Manually Annotated Sub-Corpus 2013T12

Onto5 Ontonotes Version 5 2013T19

ACE07 Automatic Content Extraction 2007 2014T18

AMR2 Abstract Meaning Representation v 2 2017T10

GAP Gendered Ambiguous Pronouns Webster et al. [2018]

QB QuizBowl Coreferences Guha et al. [2015]

Table 3.1: Corpora analyzed in this paper.

work to extend care over what notions of gender are being utilized and when.

3.4 Sources of Bias

In this section, we analyze several ways in which harmful biases can and do enter into

the machine learning lifecycle of coreference resolution systems (per Figure 3.1). Two stages

discussed by Vaughan and Wallach [2019] that we exclude are Training Process and Deploy-

ment. It is rare (as they observed as well) for training processes (especially in batch learning

settings) to lead to bias, and the same appears to be the case here. We do not consider the “De-

ployment” phase, because we are not aware of deployed coreference resolution systems to test;

except, perhaps, those embedded in other systems, which we discuss in the context of testing

(subsection 3.4.5).
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THEY

SHE HE NEO SP QI PL NH

MUC7 7 2 1
Zh-PB3 4 3
ACE04 2 6 1
LUAC 1 2
Onto5 1
AMR2 5 17
QB 1
Total 9 37 0 0 6 1 0

Table 3.2: Frequency counts of different pronouns in example annotations given in annotation
instructions for seven of the datasets that provide examples. Zeros are omitted from the table.
No datasets contain examples using neopronouns, nor any examples using “they” to refer to a
singular specific entity (and only older datasets included any examples of quantified usages of
“they”).

3.4.1 Bias in: Task Definition

Task definitions for linguistic annotations (like coreference) tend, in NLP, to be described in

annotation guidelines (or, more recently, in datasheets or data statements Gebru et al. [2018a],

Bender and Friedman [2018]). These guidelines naturally change over the years as the commu-

nity understands more and more about both the task and the annotation process (this is part of

what makes the lifecycle a cycle, rather than a pipeline). Getting annotation guidelines “right” is

difficult, particularly in balancing informativeness with ability to achieve inter-annotator agree-

ment, and important because poorly defined tasks lead to a substantial amount of wasted research

effort.

For the purposes of this study, we consider here (and elsewhere in this paper) thirteen

datasets on which coreference or anaphora are annotated in English (Table 3.1); eleven of these

are corpora distributed by the Linguistic Data Consortium (LDC)14, and two are not. According to

14See https://catalog.ldc.upenn.edu/{LDC-ID}.
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the authors of the QB dataset (personal communication), it was annotated under the OntoNotes

guidelines, with the exception that singleton mentions were also annotated. The final dataset,

GAP, did not explicitly annotate full coreference, but rather annotated a binary choice of which

of two names a pronoun refers to (as described in the associated paper). None of the annotation

guidelines (or papers) give explicit guidance about what personal pronouns are to be considered

(with the exception of GAP which explicitly limits to HE/SHE pronouns), or otherwise what

information a human annotator should use to resolve ambiguous situations. However, many of

them do provide running examples, which we can analyze. Although the examples in annotation

guidelines (or papers) are insufficient to fully tell what annotations were intended by the authors,

they do provide a sense of what may have been top of mind in dataset construction.

To assess task definition bias, we count, for each of the annotation guidelines, how many

examples use different pronominal forms. For examples that use THEY, we separate four different

subtypes, following Conrod’s [2018b] categorization (see subsection 3.3.2):

NH: Plural non-human group – “The knives are put away in their carrier.”

PL: Plural group of humans – “The children are friendly, and they are happy.”

QI: Quantified/indefinite – “Most chefs harshly critique their own dishes.”

SP: Specific singular referent – “Jun enjoys teaching their students.”

The results are shown in Table 3.2 (datasets for which no relevant examples were provided are

not listed). Overall, we see that in total across these seven datasets, examples with HE occur

more than twice as frequently as all others combined. Furthermore, THEY is never used in a

specific setting and, somewhat interestingly, is only used as an example for quantification in

older datasets (2005 and before). Moreover, none of the annotation guidelines have examples

using neopronouns. This lack does nothing to counterbalance a general societal bias that tends
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to erase non-binary identities. In the case of GAP, it is explicitly mentioned that that only SHE

and HE examples are considered (and only in cases where the gender of two possible referents

“matches”—though it is unspecified what type of gender this is and how it is determined). Even

on the binary spectrum, there is also an obvious gender bias between HE and SHE examples.

Tasks defined in these thirteen datasets only consider binary gender and are mostly male-

dominated. Systems built along with such task definitions can hardly function for non-binary

and female users. See subsection 3.4.5 for detailed analysis of system performances on data with

both binary and non-binary pronouns.

3.4.2 Bias in: Data Input

In coreference resolution, as in most NLP data collection settings, one typically first col-

lects raw text and then has human annotators label that text. Here, we consider biases that arise

due to the selection of what texts to have annotated. As an example, if a data curator chooses

newswire text from certain sources as source material, xey are unlikely to observe singular uses

of THEY which, for instance, was only added to the Washington Post style guide in late 2015

[Walsh, 2015] and by the Associated Press Stylebook in early 2017 [Andrews, 2017]. If the

raw data does not contain certain phenomena, this fundamentally limits all further stages in the

machine learning lifecycle (a system which has never seen “hir” is unlikely to even know it’s

a pronoun, much less how to link it; indeed the off-the-shelf tokenizer we used often failed to

separate “xey’re” into two tokens, as it does for “they’re”).

To analyze the possible impact of input data, we consider our thirteen coreference datasets,

and count how many instances of different types of pronouns are used in the raw data. We focus
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Figure 3.2: (Top) For each dataset under consideration, the fraction of pronouns with different
forms. Only our dataset (GICoref) and the genderqueer subreddit include neopronouns. (In the
case of GAP, there are some occurrences of THEY, but they are never considered targets for
coreference and so we exclude them from these counts.) (Bottom) For three datasets, the fraction
(out of 100 annotated) of each they into one of the four usage cases.
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on SHE, HE, and THEY pronouns (in all their morphological forms); we additionally counted

several neopronoun forms (HIR, XEY and EY) and found no occurrences nor their morphological

variances.15 In the case of THEY, we again distinguish between its four usage cases: plural,

singular, quantified, and non-human. To achieve this, we annotated 100 examples uniformly at

random by hand from OntoNotes Weischedel et al. [2011]. Furthermore, we compare to the

raw counts in a 2015 dump from some of Reddit discussion forum16, and also limited to the

genderqueer subforum. We additionally include a new dataset for this study, GICoref. This

new dataset is collected to evaluate current coreference resolution systems on gender-inclusive

and naturally-occuring texts. Details if the dataset are described in subsubsection 3.4.4.3.

The results of this analysis are in Figure 3.2. Overall, the examples used in the documenta-

tion of each of these datasets focuses entirely on binary gendered pronouns, generally with many

more HE examples than SHE examples. Only the older datasets (MUC7 and Zh-PB3) include any

examples of THEY, some of which are in a quantified form.

Systems trained from these datasets never see non-binary pronouns during training. Thus

when generalizing, system performance for non-binary users on singular THEY or neopronouns

surely will be worse.

3.4.3 Bias in: Data Annotation

A significant possible source of bias comes from annotations themselves, arising from a

combination of (possibly) underspecified annotations guidelines and the positionality of annota-

15There was one instance of “hir” but that was a almost certainly typo for “his” (given the context), and several
instances of “ey” used a contractions for plural THEY in transcripts of spoken English.

16It is a dataset with publicly available comments from Reddit. The dataset has about 1.7 billion com-
ments with their related fields, such as score, author, subreddits, etc. Here is the link to the dataset
www.reddit.com/r/datasets/comments/3bxlg7/i_have_every_publicly_available_reddit_comment/
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tors themselves. Ackerman [2019] analyzes how human cognitively encode gender in resolving

coreferences through a Broad Matching Criterion, which posits “matching gender requires at

least one level of the mental representation of gender [e.g. the occupation of the person or the

environment context, etc.] to be identical to the candidate antecedent in order to match.” In

this section, we delve into the linguistic notions of gender and study how different aspects of

linguistic notions impact an annotator’s judgments of anaphora.

Our study can be seen as evaluating which conceptual properties of gender are most salient

in human annotation judgments. We start with natural text in which we can cast the corefer-

ence task as a binary classification problem (“which of these two names does this pronoun refer

to?”) inspired by Webster et al. [2018]. We then generate “counterfactual augmentations” of this

dataset by ablating the various notions of linguistic gender described in subsection 3.3.2, similar

to Zmigrod et al. [2019] and Zhao et al. [2018a]. We finally evaluate the impact of these ablations

on human annotation behavior to answer the question: which forms of linguistic knowledge are

most essential for human annotators to make consistent judgments.

As motivation, consider (1) below, in which an annotator is likely to determine that “her”

refers to “Mary” and not “John” due to assumptions on likely ways that names may map to pro-

nouns (or possibly by not considering that SHE pronouns could refer to someone named “John”).

While in (2), an annotator is likely to have difficulty making a determination because both “Sue”

and “Mary” suggest “her”. In (3), an annotator lacking knowledge of name stereotypes on typ-

ical Chinese and Indian names (plus the fact that given names in Chinese—especially when

romanized—generally do not signal gender strongly), respectively, will likewise have difficulty.

(1) John and Mary visited her mother.
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(2) Sue and Mary visited her mother.

(3) Liang and Aditya visited her mother.

In all these cases, the plausible rough inference is that a reader takes a name, uses it to infer the

sociological gender of the extra-linguistic referent. Later the reader sees the SHE pronoun, infers

the referential gender of that pronoun, and checks to see if they match.

An equivalent inference happens not just for names, but also for lexical gender references

(both gendered nouns (4) and terms of address (5)), grammatical gender references (in gender

languages like Arabic (6)), and social gender references (7). The last of these ((7)) is the case in

which the correct referent is likely to be least clear to most annotators, and also the case studied

by Rudinger et al. [2018] and Zhao et al. [2018a].

(4) My brother and niece visited her mother.

(5) Mr. Hashimoto and Mrs. Iwu visited her mother.

(6)

 

 المطرب و الممثلة شاهدا والدتها
 

 

walidatuha                       shahadaa      almomathela    w            almutreb 

her mother    saw    actor[f]  and  singer[m] 

 

 

walidatu -ha shahadaa al-momathela w almutarab

mother -her saw actor[FEM] and singer[MASC]

The singer[MASC] and actor[FEM] saw her mother.

(7) The nurse and the actor visited her mother.
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3.4.3.1 Ablation Methodology

In order to determine which cues annotators are using and the degree to which they use

them, we construct an ablation study in which we hide various aspects of gender and evaluate

how this impacts annotators’ judgments of anaphoricity. To make the task easier for crowdsourc-

ing, we follow the methodology of Webster et al.’s [2018] GAP dataset for studying ambiguous

binary gendered pronouns. In particular, we construct binary classification examples taken from

Wikipedia pages, in which a single pronoun is selected, and two possible antecedent names are

given, and the annotator must select which one. We cannot use the GAP dataset directly, because

their data is constrained that the “gender” of the two possible antecedents is “the same”17; for

us, we are specifically interested in how annotators make decisions even when additional gender

information is available. Thus, we construct a dataset called Maybe Ambiguous Pronoun (MAP),

which is similar to the GAP dataset, but where we do not restrict the two names to match gender

so that we can measure the influence of different gender cues.

In ablating gender information, one challenge is that removing social gender cues (e.g.,

“nurse” tending female) is not possible because they can exist anywhere. Likewise, it is not pos-

sible to remove syntactic cues in a non-circular manner. For example in (8), syntactic structure

strongly suggests the antecedent of “herself” is “Liang”, making it less likely that “He” corefers

with Liang later (though it is possible, and such cases exist in natural data due either to gender-

fluidity or misgendering).

(8) Liang saw herself in the mirror. . . He . . .

Fortunately, it is possible to enumerate a high coverage list of English terms that signal lexical

17It is unclear from the GAP dataset what notion of “gender” is used, nor how it was determined to be “the same.”
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Mrs.
(d)−→ ∅ Rebekah Johnson Bobbitt

(b)−→ M. Booth was the younger

sister
(c)−→ sibling of Lyndon B. Johnson

(b)−→ T. Schneider, 36th President

of the United States. Born in 1910 in Stonewall, Texas, she
(a)−→ they worked

in the cataloging department of the Library of Congress in the 1930s before

her
(a)−→ their brother

(c)−→ sibling entered politics.

Figure 3.3: Example of applying all ablation substitutions for an example context in the MAP
corpus. Each substitution type is marked over the arrow and separately color-coded.

gender: terms of address (Mrs., Mr.) and semantically gendered nouns (mother).18 We assembled

a list by taking many online lists (mostly targeted at English language learners), merging them,

and manual filtering. The assembling process and the final list is published with the MAP dataset

and its datasheet.

To execute the “hiding” of various aspects of gender, we use the following substitutions:

(a) ¬PRO: Replace all third person singular pronouns with a gender neutral program (THEY,

XEY, ZE).

(b) ¬NAME: Replace all names (e.g., “Aditya Modi”) by a random name with only a first

initial and last name (e.g., “B. Hernandez”).

(c) ¬SEM: Replace all semantically gendered nouns (e.g., “mother”) with a gender-indefinite

variant (e.g., “parent”).

(d) ¬ADDR: Remove all terms of address (e.g., “Mrs.”, “Sir”)19.

See Figure 3.3 for an example of all substitutions.

We perform two sets of experiments, one following a “forward selection” type ablation

(start with everything removed and add each back in one-at-a-time) and one following “back-

ward selection” (remove each separately). Forward selection is necessary in order to de-conflate

18These are, however, sometimes complex. For instance, “actress” signals lexical gender of female, while “actor”
may signal social gender of male and, in certain varieties of English, may also signal lexical gender of male.

19An alternative suggested by Cassidy Henry that we did not explore would be to replace all with Mx. or Dr.
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Figure 3.4: Human annotation results for the ablation study on MAP dataset. Each column is
a different ablation, and the y-axis is the degree of accuracy with 95% significance intervals.
Bottom bar plots are annotator certainties as how sure they are in their choices.

syntactic cues from stereotypes; while backward selection gives a sense of how much impact

each type of gender cue has in the context of all the others.

We begin with ZERO, in which we apply all four substitutions. Since this also removes gen-

der cues from the pronouns themselves, an annotator cannot substantially rely on social gender

to perform these resolutions. We next consider adding back in the original pronouns (always HE

or SHE here), yielding ¬NAME ¬SEM ¬ADDR. Any difference in annotation behavior between

ZERO and ¬NAME ¬SEM ¬ADDR can only be due to social gender stereotypes.

To see why, consider the example from Figure 3.3. In this case, the only difference between

the Zero setting and the ¬NAME ¬SEM ¬ADDR is whether the pronouns SHE/HER are substituted

with THEY/THEIR—all other substitutions are applied in both cases. In the ZERO case, there are

no gender cues at all to help with the resolution, precisely because gender has been removed even

from the pronoun. So even if there were gendered information in the rest of the text, that logically
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cannot help with the resolution of either of the pronouns. In the ¬NAME ¬SEM ¬ADDR case,

all lexical and referential gender information except that on the pronoun have been removed (as

English has no grammatical gender). If one accepts that the taxonomy of gender from subsec-

tion 3.3.2 is complete, then this means that the only gender information that exists in the rest of

the this example is social gender. (And indeed, there is social gender—even in a fictitious world

in which someone named T. Schneider was the 36th President of the U.S., social gender roles

suggest that this person is relatively unlikely to be the referent of she). Thus, it is likely that in

this latter case, readers and annotators can and will use the gender information on the pronoun

to decide that SHE does not refer to Schneider and therefore likely refers to Booth. On the other

hand, in the ZERO case, there is no such information available, and a reader must rely, perhaps,

on parallel syntactic structure or centering [Joshi and Weinstein, 1981, Grosz et al., 1983, Poesio

et al., 2004] if ey are to correctly identify that the referent is Booth.

The next setting, ¬SEM ¬ADDR removes both forms of lexical gender (semantically gen-

dered nouns and terms of address); differences between ¬SEM ¬ADDR and ¬NAME ¬SEM

¬ADDR show how much names are relied on for annotation. Similarly, ¬NAME ¬ADDR re-

moves names and terms of address, showing the impact of semantically gendered nouns, and

¬NAME ¬SEM removes names and semantically gendered nouns, showing the impact of terms

of address.

In the backward selection case, we begin with ORIG, which is the unmodified original text.

To this, we can apply the pronoun filter to get ¬PRO; differences in annotation between ORIG

and ¬PRO give a measure of how much any sort of gender-based inference is used. Similarly, we

get ¬NAME by only removing names, which gives a measure of how much names are used (in

the context of all other cues); we get ¬SEM by only removing semantically gendered words; and
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¬ADDR by only removing terms of address.

3.4.3.2 Annotation Results

We construct examples using the methodology defined above. We then conduct annotation

experiments using crowdworkers on Amazon Mechanical Turk following the methodology by

which the original GAP corpus was created20. Because we wanted to also capture uncertainty, we

ask the crowdworkers how sure they are in their choices, between “definitely” sure, “probably”

sure and “unsure.”21

Figure 3.4 shows the human annotation results as binary classification accuracy for resolv-

ing the pronoun to the antecedent. We can see that removing pronouns leads to significant drop

in accuracy. This indicates that gender-based inferences, especially social gender stereotypes,

play the most significant role when annotators resolve coreferences. This confirms the findings

of Rudinger et al. [2018] and Zhao et al. [2018a] that human annotated data incorporates bias

from stereotypes.

Moreover, if we compare ORIG with columns left to it, we see that name is another sig-

nificant cue for annotator judgments, while lexical gender cues do not have significant impacts

on human annotation accuracies. This is likely in part due to the low appearance frequency of

lexical gender cues in our dataset. Every example has pronouns and names, whereas 49% of

20This study was approved by the Microsoft Research Ethics Board (#427). We recruit workers from countries
with large native English speaking populations (Australia, Canada, New Zealand, United Kingdom, and United
States), and who have greater than 80% HIT approval rate and more than 100 HITs approved. Workers were paid $1
to annotate ten contexts (the average annotation time was seven minutes). Crowdworkers were informed as part of
the instructions and examples that they should expect to see both singular THEY and neopronouns, with examples of
each.

21In some of the examples, a crowdworker may apply knowledge of the situation or entities involved, for instance
“President of the United States” has, to date, always been referred to using HE pronouns. To capture this, we
additionally asked the crowdworkers if they recognized any of the entities or the situation involved. Note, however,
that even though this is true in the real world, it is not hard to imagine fictional contexts in which a human annotator
would have no difficulty finding “President of the United States” to corefer with SHE or THEY pronouns.
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the examples have semantically gendered nouns but only 3% of the examples include terms of

address. We also note that if we compare ¬NAME ¬SEM ¬ADDR to ¬SEM ¬ADDR and ¬NAME

¬ADDR, accuracy drops when removing gender cues. Though the differences are not statistically

significant, we did not expect the accuracy drop.

Finally, we find annotators’ confidence follow the same trend as the accuracy: annotators

have a reasonable sense of when they are unsure. We also note that accuracy score are essen-

tially the same for ZERO and ¬PRO, which suggests that once explicit binary gender is gone

from pronouns, the impact of any other form of linguistic gender in annotator’s decisions is also

removed.

Overall, we can see that annotators may make unlicenced inferences of various gender

cues by conflating gender concepts. Thus systems trained by treating these annotator judgments

as ground truth can be problematic for both binary and non-binary people.

3.4.3.3 Limitations of (approximate) counterfactual text manipulation.

Any text manipulation—like we have done in this section—runs the risk of missing out on

how a human author might truly have written that text under the presumed counterfactual. For

example, a speaker uttering (1) may assume that aer interlocutor shares, or at least recognizes,

social biases that lead one to assume that the person named “John” is likely referred to as HE

and “Mary” as SHE. This speaker may use this assumption of the listener to determine that “her”

is sufficiently unambiguous in this case as to be an acceptable reference (trading off brevity and

specificity; see, for instance [Arnold, 2008, Frank and Goodman, 2012, Orita et al., 2015a]).

However, if we “counterfactually” replaced the names “John” and “Mary” to “H. Martinez” and
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“R. Modi” (respectively), it is unlikely that the supposed speaker would make the same decision.

In this case, the speaker may well have said “Modi’s mother” or some other reference that would

have been sufficiently specific to resolve, even at the cost of being more wordy. That is to say,

the counterfactual replacements here and their effect on human annotation agreement should be

taken as a sort of upper bound on the effect one would expect in a truly counterfactual setting.

Moreover, although we studied crowdworkers on Mechanical Turk (because they are often

employed as annotators for NLP resources), if other populations are used for annotation, it be-

comes important to consider their positionality and how that may impact annotations. This echoes

a related finding in annotation of hate-speech that annotator positionality matters [Olteanu et al.,

2019].

3.4.4 Bias in: Model Definition

Bias in machine learning systems can also come from how models are structured, for in-

stance what features they use, and what baked-in decisions are made. For instance, some models

may simply fail to recognize anything other than a dictionary of fixed pronouns as possible enti-

ties. Others may use external resources, such as lists that map names to guesses of “gender,” that

bake in stereotypes around naming.

In this section, we analyze prior work in systems for coreference resolution in three ways.

First, we do a literature study to quantify how NLP papers discuss gender, broadly. Second,

similar to Zhao et al. [2018a] and Rudinger et al. [2018], we evaluate a handful of freely available

systems on the ablated data from subsection 3.4.3. Third, we evaluate these systems on the dataset

we created: Gender Inclusive Coreference (GICOREF).

55



All Papers Coref Papers

Paper Discusses Linguistic Gender? 52.6% (79/150) 95.4% (21/22)

Paper Discusses Social Gender? 58.0% (87/150) 86.3% (19/22)

Paper Distinguishes Linguistic from Social Gender? 11.1% (3/27) 5.5% (1/18)

Paper assumes Social Gender is Binary? 92.8% (78/84) 94.4% (17/18)

Paper Assumes Social Gender is Immutable? 94.5% (70/74) 100.0% (14/14)

Paper Allows for Neopronouns/THEY-SP? 3.5% (2/56) 7.1% (1/14)

Table 3.3: Analysis of a corpus of 150 NLP papers that mention “gender” along the lines of what
assumptions around gender are implicitly or explicitly made in the work.

3.4.4.1 Cis-normativity in published NLP papers

In our first study, we adapt the approach Keyes [2018] took for analyzing the degree to

which computer vision papers encoded trans-exclusive models of gender. In particular, we began

with a random sample of 150 papers from the ACL anthology that mention the word “gender”

and coded them according to the following questions:

• Does the paper discuss coreference or anaphora resolution?

• Does the paper study English (and possibly other languages)?

• Does the paper deal with linguistic gender (i.e., grammatical gender or gendered pro-

nouns)?

• Does the paper deal with social gender?

• (If yes to the previous two:) Does the paper explicitly distinguish linguistic from social

gender?

• (If yes to social gender:) Does the paper explicitly recognize that social gender is not

binary?
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• (If yes to social gender:) Does the paper explicitly or implicitly assume social gender is

immutable?22

• (If yes to social gender and to English:) Does the paper explicitly consider uses of definite

singular “they” or neopronouns?

The results of this coding are in Table 3.3 and the list of the full set of annotations is in section A.1.

Here, we see out of the 22 coreference papers analyzed, the vast majority conform to a “folk”

theory of language:

⋄ Only 5.5% distinguish social from linguistic gender (despite it being relevant);

⋄ Only 5.6% explicitly model gender as inclusive of non-binary identities;

⋄ No papers treat gender as anything other than completely immutable;

⋄ Only 7.1% (one paper) considers neopronouns and/or specific singular THEY.

The situation for papers not specifically about coreference is similar (the majority of these papers

are either purely linguistic papers about grammatical gender in languages other than English, or

papers that do “gender recognition” of authors based on their writing; May [2019] discusses the

(re)production of gender in automated gender recognition in NLP in much more detail). Overall,

the situation more broadly is equally troubling, and generally also fails to escape from the folk

theory of gender. In particular, none of the differences between papers and papers about corefer-

ence are significant at a p < 0.05 level except for the first two questions, due to the small sample

size (according to an n−1 chi-squared test). The result of this analysis is that although we do not

knew exactly what decisions are baked in to all models, the vast majority in our study (includ-

ing two papers by one of the authors Daumé and Marcu [2005], Orita et al. [2015b]) come with

22The most common ways in which papers implicitly assume that social gender is immutable is either 1) by relying
on external knowledge bases that map names to “gender”; or 2) by scraping a history of a user’s social media posts
or emails and assuming that their “gender” today matches the gender of that historical record.
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Figure 3.5: Coreference resolution systems results for the ablation study on MAP dataset. The
y-axis is the degree of accuracy with 95% significance intervals.

strong gender binary assumptions, and exist within a broader sphere of literature which erases

non-binary identities.

3.4.4.2 Coreference system performance on MAP

Next, we analyze the effect that our different ablation mechanisms have on existing corefer-

ence resolutions systems. In particular, we run five coreference resolution systems on our ablated

data: the AI2 system [AI2; Gardner et al., 2017], hugging face [HF; Wolf, 2017], which is

a neural system based on spacy [Honnibal and Montani, 2017], and the Stanford deterministic

[SfdD; Raghunathan et al., 2010], statistical [SfdS; Clark and Manning, 2015] and neural [SfdN;

Clark and Manning, 2016] systems. Figure 3.5 shows the results. We can see that the system ac-

curacies mostly follow the same pattern as human accuracy scores, though all are significantly

lower than human results. Accuracy scores for systems drop dramatically when we ablate out ref-
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erential gender in pronouns. This reveals that those coreference resolution systems rely heavily

on gender-based inferences. In terms of each system, HF and SfdN systems have similar results

and outperform other systems in most cases. SfdD accuracy drops significantly once names are

ablated.

These results echo and extend previous observations made by Zhao et al. [2018a], who

focus on detecting stereotypes within occupations. They detect gender bias by checking if the

system accuracies are the same for cases that can be resolved by syntactic cues and cases that

cannot, with original data and reversed-gender data. Similarly, Rudinger et al. [2018] focus on

detecting stereotypes within occupations as well. They construct dataset without any gender cues

other than stereotypes, and check how systems perform with different pronouns – THEY, SHE,

HE. Ideally, they should all perform the same because there is not any gender cues in the sentence.

However, they find that systems do not work on “they” and perform better on “he” than “she”.

Our analysis breaks this stereotyping down further to detect which aspects of gender signals are

most leveraged by current systems.

3.4.4.3 Coreference system performance on GICoref

We introduce a new dataset, GICOREF. for the purpose to evaluate current coreference

resolution systems in the contexts where a broader range of gender identities are reflected, where

linguistic examples of genderfluidity are encountered, where non-binary pronouns are used, and

where misgendering happens. In comparison to [Zhao et al., 2018a] and Rudinger et al. [2018]

(as well as in contrast to our MAP dataset), we focused on naturally occurring data, but sampled

specifically to surface more gender-related phenomena than may be found in, say, the Wall Street
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Journal.

The GICOREF dataset consists of 95 documents from three types of sources: articles on

English Wikipedia about people with non-binary gender identities, articles from LGBTQ period-

icals, and fan-fiction stories from Archive Of Our Own23 (with the respective author’s permis-

sion). Each author of this paper manually annotated each of these documents and then we jointly

adjudicated the results24. To reduce annotation time, any article that was substantially longer

than 1000 words (pre-tokenization) was trimmed at the 1000th word.25 This data includes many

examples of people who use pronouns other than SHE or HE, people who are genderfluid and

whose name or pronouns changes through the article, people who are misgendered, and people

in relationships that are not heteronormative. One annotation decision we made was around the

specific case of people who perform drag. Following Butler [1989], in our annotation we con-

sidered drag performance as a form of genderfluidity; as such, we annotate the performer and

the drag persona as coreferent with each other (as well as the relevant pronouns), akin to how

we believed a reasonable model for handling stage names (e.g., Christopher Wallace / Notori-

ous B.I.G.) would mark them as coreferent, while famous roles played by multiple actors (e.g.,

Carrie, played by Sissy Spacek, Angela Bettis, and Chloë Grace-Moretz), would be marked as

non-coreferent. In addition, incorrect references (misgendering and deadnaming26) are explicitly

annotated.27 Two example annotated documents, one from Wikipedia, and one from Archive of

23See https://archiveofourown.org; thanks to Os Keyes for this suggestion.
24We evaluate inter-annotator agreement by treating one annotation as gold standard and the other as system

output and computing the LEA metric; the resulting F1-score is 92%. During the adjudication process we found
that most of the disagreement are due to one of the authors missing/overlooking mentions, and rarely due to true
“disagreement.”

25There are four documents we accidentally trimmed at the 2000th word and so we keep the longer version of
them with 2000 words in the dataset.

26According to Clements [2017] deadnaming occurs when someone, intentionally or not, refers to a person who’s
transgender by the name they used before they transitioned.

27Thanks to an anonymous reader of a draft version of this paper for this suggestion.
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Our Own, are provided in section A.2 and section A.3 respectively.

Although the majority of the examples in the dataset are set in a Western context, we

endeavored to have a broader range of experiences represented. We included articles about people

who are gender non-conforming, but where sociological notions of gender mismatch the general

sex/gender/sexuality taxonomy of the West. This includes people who identify as hijra (Indian

subcontinent), phuying (Thailand, sometimes referred to as kathoey), muxe (Oaxaca), two-spirit

(Americas), fa’afafine (Samoa) and māhū (Hawaii) individuals.

We run the same systems as before on this dataset. Table 3.4 reports results according

to the standard coreference resolution evaluation metric LEA Moosavi and Strube [2016]. It is

not clear how systems or evaluation metrics should handle incorrect references (misgendering

and deadnaming). Taking (9) as an example, should the misgendering entities and pronouns

(cluster c) be included as a coreference to the person (cluster a) or not. If the person is a real

human, including the misgendering reference as a ground truth may be potentially harmful to

the person. Since no systems are implemented to explicitly mark incorrect references, and no

current evaluation metrics address this case, we perform the same evaluation twice. One with

incorrect references included as regular references in the ground truth (cluster a and cluster c

are the same cluster); and other with incorrect references excluded (cluster a and cluster c are

separate clusters). Due to the limited number of incorrect references (0.6% of total references of

people) in the dataset, the difference of the results are not significant – the difference is less than

0.2% for each entry. Nonetheless, although these are rare, they constitute a significant potential

harms. Here we only report the result for latter.

(9) FriskA sat in the back of the classroom, silently praying that theirA teacher wouldn’t call on themA.

TheyA were having a bad day and didn’t think theyA could be misgendered today. But just theirA
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LEA
Precision Recall F1

AI2 40.4% 29.2% 33.9%
HF 68.8% 22.3% 33.6%
SfdD 50.8% 23.9% 32.5%
SfdS 59.8% 24.1% 34.3%
SfdN 59.4% 24.0% 34.2%

Recall
HE/SHE THEY NEO

AI2 96.4% 93.0% 25.4%
HF 95.4% 85.0% 21.1%
SfdD 97.6% 96.6% 0.0%
SfdS 96.2% 86.8% 20.4%
SfdN 96.6% 90.1% 0.0%

Table 3.4: (Left) LEA scores on GICOREF dataset with various coreference resolution systems.
Rows are different systems while columns are precision, recall, and F1 scores. When evaluate,
we only count exact matches or pronouns and name entities. (Right) Recall scores of coreference
resolution systems for detecting binary pronouns, THEY (of any type), and neopronouns.

luck, theirA teacherB was staring straight at themA. “FelixC? Do you know the answer?” ...

CharaD’s hand shot up. “Ms. RichardsB, theirA name is FriskA, remember?” “ChristineE,” Ms. RichardsB

sighed, ignoring CharaD’s flinch. “HisC name is whatever is on the sheet, the same way yours is.

WeF have had this discussion, remember?”

The first observation is that there is still plenty room for coreference systems to improve; the

best performing system achieves as F1 score of 34%, but the Stanford neural system’s F1 score

on CoNLL-2012 test set reaches 60% [Moosavi, 2020]. Here are some examples where the

huggingface and the Stanford deterministic system output erroneous resolutions: (10), (11), and

(12). As demonstrated, even when there are clear syntactic cues and declaration of preferred

pronouns, both systems fail to resolve the coreferences correctly due to various internal biases.

(10) HF: The artworkB consisted of SulkowicsA, who uses theyB/themB pronouns, carrying a mattress

wherever theyB went on campus.

SfdD: The artwork consisted of SulkowicsA, who uses they/them pronounsB, carrying a mattress

wherever theyC went on campus.

(11) HF & SfdD: As the son of a military fatherC B, sheA faced many challenges to be accepted.

(12) HF: Soon after VasoldA’s win was announced, zeB spoke with the school newspaper about zir sur-

prise at winning.
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SfdD: Soon after VasoldA’s win was announced, ze spoke with the school newspaper about

zir surpriseB at winning.

Additionally, we can see system precision dominates recall. This is likely partially due to poor

recall of pronouns other than HE and SHE. To analyze this, we compute the recall of each system

for finding referential pronouns at all, regardless of whether they are correctly linked to their

antecedents. Results are shown in Table 3.4. We find that all systems achieve a recall of at least

95% for binary pronouns, a recall of around 90% on average for THEY, and a recall of around

a paltry 13% for neopronouns (two systems—Stanford deterministic and Stanford neural—never

identify any neopronouns at all).

Overall, we have shown current coreference resolution systems fail to escape from the folk

theory of gender and rely heavily on gender-based inferences. Therefore when deployed, these

systems can easily make biased inferences that will lead to both direct and indirect harms to

binary and non-binary users.

3.4.5 Bias in: System Testing

Bias can also show up at testing time, due either to data or metrics. For instance, if

one evaluates on highly biased data, it will be difficult to capture disparities (akin to the over-

representation of light skinned men in computer vision datasets [Buolamwini and Gebru, 2018]).

Alternatively, evaluation metrics may weight different errors in a way that is incongruous with

their harm. For example, depending on the use case, corefering someone’s name with an incor-

rectly gendered pronoun may produce a harm askin to misgendering, potentially leading to a high

cost social error [Stryker, 2008]; evaluation metrics may or may not reflect the true cost of such

mistakes.
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In terms of data, most coreference resolution systems are evaluated intrinsically, by testing

them against gold standard annotations using a variety of metrics; in this case, all the observations

on data bias (subsection 3.4.2 and subsection 3.4.3) apply. Sometimes coreference resolution is

used as part of a larger system. For instance, information retrieval can use coreference resolution

to help accurately rank documents by up-weighting the importance of entities that are referred

to frequently [Du and Liddy, 1990, Pirkola and Järvelin, 1996, Edens et al., 2003]. In machine

translation, producing correct gendered forms in gender languages often requires coreference

to have been solved [Mitkov, 1999, Hardmeier and Federico, 2010, Guillou, 2012, Hardmeier

and Guillou, 2018]. In the translation case, this then raises the question: which data are being

used and how biased are they? It turns out, “quite biased.” Even limiting to just SHE and HE

pronouns, the bias is significant: four times as many HE than SHE in Europarl [Koehn, 2005] and

the Common Crawl [Smith et al., 2013], six times as many in News Commentaries [Tiedemann,

2012], and fifty times as many in Hong Kong Laws corpus.

In terms of metrics, most intrinsic evaluation is carried out using metrics like MUC [Vilain

et al., 1995], ACE [Mitchell et al., 2005], B3 [Bagga and Baldwin, 1998, Stoyanov et al., 2009],

or CEAF [Luo, 2005] (see also [Cai and Strube, 2010] for additional discussion and variants). As

observed by Agarwal et al. [2019], most of these metrics are rather insensitive to arguably large

errors, like the inability to link pronouns to names; to address this, they introduce a new metric

to focus specifically on this named entity coreference task. These metrics also generally treat all

errors similarly, regardless of whether the error compounds societal injustices (e.g., ignoring an

instance of XYR) or not (e.g., ignore an instance of HE), despite the fact that these have vastly

different implications from the perspective of justice [e.g., Fraser, 2008].

For extrinsic evaluation, the metrics used are those that are appropriate for the downstream
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task (e.g., machine translation). In the case of machine translation, one can ask whether standard

evaluation metrics like Bleu [Papineni et al., 2002] are sensitive to misgendering. To quantify

this, we use the sacreBLEU toolkit [Post, 2018] and compute Bleu scores between the ground

truth reference outputs and those same references where all SHE pronouns were replaced with

morphologically equivalent HE forms (none of these datasets contain neopronouns and analysis

of a small sample did not find any singular specific uses of THEY). From wmt08–wmt18 and

iwslt17 test sets, the average percentage drop in Bleu score from this error is 0.67% (±0.22),

which is barely statistically significant according to a bootstrap test at sensitivity 0.05. Evaluated

only on the ≈ 17% of the sentences in these datasets containing either HE or SHE, the degradation

is about 3.1%. While this degradation is noticeable, it perhaps does not reflect the real cost of

such translation errors due to the high, and asymmetric, societal cost of misgendering.

3.4.6 Bias in: Feedback Loops

The final sources of bias we consider are feedback loops: essentially, when the bias from a

coreference system feeds back on itself, or onto other coreference systems.

The most straightforward way in which this can happen is through coreference resolution

systems that engage in statistically biased active learning (or bootstrapping) techniques.28 Active

learning for coreference has been popular since the early 2000s, perhaps largely because corefer-

ence annotation is quite costly. Considering the approaches used in dominant papers, the active

learning algorithms used are not statistically unbiased [Ng and Cardie, 2003, Laws et al., 2012,

Miller et al., 2012, Sachan et al., 2015, Guha et al., 2015].
28Here, the overloading of “bias” is unfortunate. By “statistically biased,” we mean bias in the technical sense that

of a learning system that even in the limit of infinite data does not infer the optimal model, a fundamentally different
concept from the sort of “bias” we consider in the rest of this paper.
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Another example is the use of external dictionaries that encode world knowledge that is po-

tentially useful to coreference resolution systems. The earliest example we know of that uses such

knowledge sources is the end-to-end machine learning approach of Daumé and Marcu [2005],

which found substantial benefit by using mined mappings between names and professions to

help resolve named entities like “Bill Clinton” to nominals like “president” (later examples in-

clude that of Rahman and Ng [2011] and Bansal and Klein [2012], who found less benefit from

a similar approach).

More frequent is the almost ubiquitous use of “name lists” that map names (either full

names or simply given names) to “gender.” And the most frequently used of these is the resource

developed by Bergsma and Lin [2006] (henceforth, B+L), in which a large quantity of text was

processed with “high precision” anaphora resolution links to associate names with “genders.”

The process specifically mapped names to pronouns, from which gender (presumably an approx-

imation of referential gender) was inferred. This leads to a resource that pairs a full name or name

substring (like “Bill Clinton”) counts for identified coreference with HE (8150, 97.7%), SHE (70,

0.8%), IT (42, 0.5%) and THEY (82, 1%); these are referred to, respectively, as “male”, “female”,

“neuter” and “plural,” and seemingly largely used as such in work that leverages this resource.

We focus on this resource only because it has become ubiquitous, both in coreference resolution

and in gender analysis in NLP more broadly.

The first question we ask is: what happens when this “gender” inference data is used to

infer the gender of prominent non-binary individuals. To this end, we took the names of 104

non-binary people referenced on Wikipedia29 and queried the B+L data with them. In almost all

29https://en.wikipedia.org/wiki/List_of_people_with_non-binary_gender_identities, accessed Jan
5, 2019.
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“Gender” % Likelihood
Pronoun Masc Fem Neut Plur Unk count

she 27 41 18 0 14 22
he 64 7 7 0 22 14

they 39 32 12 5 12 41
ze 22 33 33 11 0 9
they∨she 25 50 25 0 0 4
s/he 0 0 50 0 50 2
they∧she 50 0 0 0 50 2
all/any 50 50 0 0 0 2
xe 50 0 0 0 50 2
ey 50 0 0 0 50 2
v 100 0 0 0 0 1
ae 0 100 0 0 0 1
ne 100 0 0 0 0 1
ze∧she 0 0 100 0 0 1

Table 3.5: For non-binary individuals in our Wikipedia sample (for whom Wikipedia attests
current pronouns), a confusion matrix between the pronoun(s) they use (rows) and the in-
ferred gender of their name (based on [Bergsma and Lin, 2006]) in columns (where Masc=“he”,
Fem=“she”, Neut=“it” and Plur=“they”; “Unk” means the name was not found). The final col-
umn is the total count. The semantics of “they∨she” is that the person accepts both “they” and
“she” pronouns, while “they∧she” indicates that the person uses “they” or “she” depending on
context (for instance, “she” while performing drag and “they” otherwise).
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cases, the full name was unknown in the B+L data (or had counts less than five), and in such cases

we backed off to simply querying on the given name. We cross-tabulated the correct (according

to Wikipedia) pronouns for these 90 people with the “gender” inferred by the B+L data.

The results are shown in Table 3.5, where we can see that of those who use a pronoun other

than SHE or HE (exclusively) are, essentially always, misgendered. Even on binary pronouns SHE

and HE, the accuracy is only 50%. For the case of people who use THEY pronouns, one might ask

what the ideal behavior would be given the framing of this resource—given that “Plural” is inter-

preted to be “coreferent with ‘they’”, we might hope that (aside from the naming issue), people

who use THEY are considered Plural: this only happens in 5% of cases, though. Expanding on

this, one might hope that people who use THEY ∨SHE or THEY ∧SHE are mapped to either Fem or

Plural, but this only happens in 2/6 cases (and always to Fem in those cases). For the neopronoun

cases, the manner in which the resource is constructed nearly excludes any reasonable behavior

(aside from, perhaps, a “least bad” option of simply abstaining with an output—which only hap-

pens in 3/19 cases). This approach actively misgenders individuals, is harmful, and demonstrates

that assigning gender to “names” does not work: anybody can have any combination of names

and pronouns.

3.5 Discussion and Limitations

We found varying amounts of bias entering in task definitions (including, in particular,

strong assumptions around binary and immutable gender), data collection and annotation (in

particular how sources of data impact that sorts of linguistic gender phenomena observed), testing

and feedback. In order to do so, we made substantial use of sociological and sociolinguistic
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notions of gender, in order to separate out different types of bias.

To run many of these studies, we additionally created—and released—two datasets for

studying gender inclusion in coreference resolution. The MAP dataset we created counterfac-

tually (and therefore it is subject to general concerns about counterfactual data construction),

which allowed us to very precisely control how different types gender information. The GI-

COREF dataset we created by targetting specific linguistic phenomena (searching for uses of

neopronouns in LGBTQ periodicals) or social aspects (Wikipedia articles and fan fiction about

people with non-binary gender). Both datasets show significant gaps in system performance, but

perhaps moreso, show that taking crowdworker judgments as “gold standard” can be problematic,

especially when the annotators are judging referents of singular THEY or neopronouns. It may

be the case that to truly build gender inclusive datasets and systems, we need to hire or consult

experiential experts [Patton et al., 2019, Young et al., 2019].

Moreover, we realized that both human and coreference systems rely heavily on gender

cues in resolving coreferences. Though it is natural for human, we want to emphasize that both

human and systems should not overrely on the risky cues such as names, semantically gendered

nouns, and terms of address, compared to relatively safe cues like syntax. In annotating the

GICOREF dataset, we only had about three ambiguous coreferences where both annotators agreed

either reference was possible, thus demonstrating that people are able to resolve coreferences

without relying extensively on the riskier cues. One cue that we explored in detail is that around

names, and it is worth pointing out recent work by Agarwal et al. [2020] in the context of named

entity recognition. In this paper, the authors found that state of the art systems perform poorly

on documents from non-U.S. contexts, due in large part to systems’ unfamiliarity with non-

Western names. We expect similar results would hold in the coreference case, where it would be
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particularly interesting to evaluation in the context of name-gender lists.

When building a coreference system, a developer must make decisions about what features

to include or exclude, and therefore what grammatical or social notions of gender are incorpo-

rated. Our view is not that “risky” features must be excluded in order to build an inclusive system,

but rather that developers should be aware of the risks when such features are included. After

all, in a speaker-listener model of language understanding [Frank and Goodman, 2012, Bard and

Aylett, 2004], it is rational for a human speaker to assume that outside of additional context, a

listener will resolve “his” to “Tom” in “Tom and Mary went to his house.” However, human

speakers know how to adjust the context when default expectations cannot be used, as in exam-

ples (10), (11), and (12) in subsubsection 3.4.4.3. Recall that there and example (13) here, we

found that even given very explicit cues systems are unable to override their internal biases. If the

goal is to understand human communication, have a system that can understand speaker intent is

highly important.

(13) HF & SfdD: TomA and MaryB C are at home. TomA regards herselfB in the mirror.

This analysis potentially changes if such a model is “flipped” and used, e.g., as a method for

performing referring expression generation [Krahmer and van Deemter, 2012]. Depending on

a developer’s normative stance, ze may need to make a decision about whether hir system will

conform to, or challenge, hegemonic language usage, particularly around gender binaries, even

though that may produce text that reads as unusual to some (or many) readers. For example,

along masculine-as-default lines, does a system generate “engineer” or “man engineer” (when

the referent is known to be male), and along non-trans-as-default lines, does a system generate

“he/him” or “she/her” in the previous sentence, or “ze/hir”? What a system “should” do in such

cases is highly contextual, and perhaps varies even depending on the population expected to use
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the system. What does not change is that these questions should be addressed head on, so that

explicit decisions can be made and consequences understood, rather than being surprised later.

More broadly than in coreference resolution, we found that natural language processing pa-

pers also tend to make strong, binary assumptions around gender (typically implicitly), a practice

that we hope to see change in the future. In more recent papers, we begin to see footnotes that

acknowledge that the discussion omits questions around trans or non-binary, issues. We hope to

see these be promoted from footnotes to objects of study in future work; mentioning the existence

of non-binary people in a footnote does little to minimize the harms a system may cause them.

Much inspiration here may come from third wave feminism and queer theory [De Lauretis, 1990,

Jagose, 1996], and perhaps more closely the recent movement within Human Computer Interac-

tion toward Queering HCI Light [2011] and Feminist HCI Bardzell and Churchill [2011]. The

goal that queer theory has of deconstructing social norms and associated taxonomies is particu-

larly important as NLP technology addresses more and more socially relevant issues, including

but not limited to issues around gender, sex and sexuality.

Limitations The primary limitation is that our experiments and analysis are largely limited to

English: our consideration of task definition in subsection 3.4.1 discusses other languages, but

all the data and models we consider are for English. This is particularly limiting because En-

glish lacks a grammatical gender system (discussion in subsection 3.3.2), and some extensions

to languages with grammatical gender are non-trivial. We also emphasize that while we endeav-

ored to be inclusive, in particular in the construction of our datasets, our own positionality has

undoubtedly led to other biases. One in particular is a largely Western bias, both in terms of

what models of gender we use (e.g., the division of sex, gender, and sexuality along a Western
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frame; see section 3.3) and also in terms of the data we annotated (subsubsection 3.4.4.3). We

have attempted to partially compensate for this latter bias by intentionally including documents

with non-Western binary and non-binary trans expressions of gender in the GICoref dataset, but

the compensation is incomplete.

Additionally, our ability to collect naturally occurring data was limited because many

sources simply do not yet permit (or have only recently permitted) the use of gender inclusive

language in their articles (discussion in subsection 3.4.2). This led us to counterfactual text ma-

nipulation in subsection 3.4.3, which, while useful, is essentially impossible to do flawlessly

(additional discussion in subsubsection 3.4.3.3). Finally, because the social construct of gender

is fundamentally contested (discussion in subsection 3.3.1), some of our results may apply only

under some frameworks.

3.6 Conclusion

Our goal in this chapter was to take a singular task—coreference resolution—and identify

how different sources of bias enter into machine learning-based systems for that task. These

biases can lead to systems that are misaligned with the needs and values of a broad spectrum

of users, particularly impacting marginalized groups. The investigation extends beyond the com-

monly acknowledged sources of bias in training datasets and model architecture. We have demon-

strated that biases can infiltrate every aspect of the machine learning workflow, including the ini-

tial task definition, system testing phases, and feedback loops, particularly when the development

process neglects the inclusion of significant stakeholder groups. This finding accentuates the im-

perative for a closer integration of AI system development with its stakeholders and advocates
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for a more human-centric methodology in the advancement of artificial intelligence.
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Chapter 4: Alignment with Users’ Needs through Specialized User Contexts

Building on the insights from Chapter 3, which examined how biases can enter AI systems

when developers fail to consider real-life stakeholders, this chapter delves into the challenges of

aligning AI systems with the needs of specific user groups. We explore two distinct application

contexts: content moderation assistance for volunteer moderators and visual question answering

for blind and visually impaired users. In both cases, we identify gaps between the capabilities

of existing AI technologies and the unique requirements of these specialized user groups. By

engaging with users directly and analyzing real-world data, we uncover valuable insights that

can guide the development of AI systems to better serve the needs of their users. This chapter

highlights the importance of a human-centered approach in creating AI solutions that effectively

empower and collaborate with users across various domains.

4.1 Content Moderation Assistance for Volunteer Content Moderators

Joint work with Lovely-Frances Domingo, Sarah Ann Gilbert, Michelle Mazurek, Katie

Shilton, Hal Daumé III. Under Submission
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4.1.1 Overview

Content moderation guards online forums against hostility and extremism while maintain-

ing community norms, ensuring the forums remain healthy and open to all participants. While

many platforms pay for this service, others, such as Reddit, Discord, Facebook, and Twitch, use

a hybrid model, relying on the labor of volunteers. Yet, behind the screen, being a volunteer con-

tent moderator is time- and emotionally-draining work. Moderators frequently deal with abusive

language, sensitive posts, and unpleasant interactions with users Seering et al. [2019], Gilbert

[2020], Dosono and Semaan [2019], Wohn [2019], Jiang et al. [2019], often doing this work in

addition to full-time jobs. To support these volunteers, efforts have been made to develop models,

such as Google Perspective API1 and OpenAI undesired content detection Markov et al. [2023],

that can automatically identify content for removal in order to alleviate moderators’ workload.

Although these systems have shown great success in detecting “undesired” content, they

primarily focus on toxic content. Yet, content moderation encompasses more than toxicity detec-

tion,2 particularly in platforms that leverage volunteer moderation within smaller communities

hosted by the site. For example, Reddit is a platform consisting of various communities, known

as “subreddits,” focused on a diverse set of topics, and each subreddit has its own moderation

rules. Fiesler et al. [2018] conducted a study to explore various subreddit rules, consolidating

similar ones, and arrived at 25 distinct rule types. Hence, in order to support moderators in de-

tecting potential rule-violating content, content moderation tools need to support much more than

just toxicity detection.

We thus aim to assess to what extent current natural language processing (NLP) models

1https://perspectiveapi.com/
2We use “toxicity detection” as an umbrella term for hate speech detection, incivility detection, etc.
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can serve the wide spectrum of moderation rules that exist. First, to understand the functions

previous automated content moderation models have focused on, we conduct a model review

on Hugging Face (HF) with rules from three subreddits as exemplars. This allows us to gauge

the progress of past model developments in covering various moderation rules. We use model

review as opposed to the more common literature review to gain a technical understanding of

the existing models’ functions. In addition to examining models that are built to handle specific

tasks, we also assess so-called “general-purposed” large language models’ (LLMs’) capability

in covering various moderation rules. We evaluate GPT-4 and Llama-2 on a new evaluation

dataset that we collected, consisting of moderation decisions from r/AskHistorians and covering

a wide range of rules. Finally, using the models’ performance on this new dataset as an empirical

grounding, we conduct a survey study with r/AskHistorians moderators (N = 11) to evaluate

the models’ performance and gain insights on performance requirements for a useful model for

different rules.

We find a substantial gap in both existing NLP models and LLMs’ performance when

to cover the diverse set of moderation rules that subreddits employ. Our analysis shows the

majority of moderation rules from the three subreddits (approximately 80%) are unrelated to

toxicity detection, with nearly 70% lacking an huggingface model designed for their resolution.

While one might hope that general-purpose LLMs could fill this gap, our experiments with GPT-

4 and Llama-2 show that LLMs fall short in their ability to detect violations of many rules.

Specifically, both GPT-4 and Llama-2 exhibited moderate to low precision and/or recall (< 70%)

for half of the rules from r/AskHistorians. Findings from our survey study also indicate that

neither LLM has good enough performance to be useful for 6 of 23 r/AskHistorians rules (26%).

Finally, our survey study shows that moderators are excited about an assistant model but have

76



complex needs in terms of model precision and recall for different kinds of rules. We highlight

the necessity of, and provides a guide for, future content moderation work to expand its focus

beyond toxicity detection, encompassing a broader spectrum of moderation rules to meet the

needs of moderators seeking automation assistance.

4.1.2 Related Work

Volunteer moderators have been a staple of online content regulation from the earliest

days of the internet, tackling issues such as spam Seering [2020], trolling Binns [2012], and

abuse Dibbell [1994]. Currently, volunteers contribute moderation efforts on nearly all major

platforms. For example, volunteers are responsible for moderation within Facebook’s Groups,

Discord’s servers, Twitch’s streams, Reddit’s subreddits, and through X’s (formally known as

Twitter) Community Notes. These efforts bring significant value to platforms, with one study

estimating that, at the baseline, volunteer moderators on Reddit collectively work 466 hours a

day, amounting to a value of about 3.4 million USD per year Li et al. [2022]. With the work-

load and continuous exposure to online harassment Gilbert [2020], Wohn [2019], Dosono and

Semaan [2019] and toxic content, such as hateful language and violent or upsetting imagery, this

moderation work can easily result in burnout.

A common way to mitigate burnout is through the development of tools that support moder-

ation labor, particularly through automation. For example, prior study has found that automation

can help at scale, supporting moderators of large communities with high levels of activity Kiene

and Hill [2020], Seering et al. [2018]. Automation is also helpful when communities experience

unprecedented or unexpected growth, such in cases where communities receive an influx of new
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users Kiene et al. [2016] and in cases where communities are subject to sustained brigades of bad

actors spamming hateful content Han et al. [2023]. Mostly, automated tools are developed and

maintained by moderators themselves. For example, the most commonly used tool on Reddit,

Automod, was originally designed by a moderator before the company took over responsibility

for its development and maintenance Jhaver et al. [2019] and moderators on Twitch have devel-

oped bots on the fly in response to hate raids Han et al. [2023]. While automation can help support

moderation work, it may also add to it in different ways—like needing to build and maintain a

bot—and requires skill sets not all moderators have Jhaver et al. [2019].

Meanwhile, the NLP field has a long line of work on developing automated models to detect

toxic content, which can be used to support moderation work [e.g. Jigsaw, 2019a, Pavlopoulos

et al., 2020, Park and Fung, 2017, Zampieri et al., 2019]. Beyond that, Lees et al. [2022] extended

beyond English content and proposed the multilingual Perspective API to detect offensive and

hateful content from a diverse range of languages. Moreover, some study delves into various

types of toxic content, trying to improve the nuance of detection models Markov et al. [2023],

Price et al. [2020]. However, these studies primarily focus on detecting toxic content, which is

merely a subset of moderation work. Therefore, we use Reddit rules as an example to identify

gaps in NLP moderation models within a wide spectrum of rules.

Recently, Kumar et al. [2023] tested LLMs’ performance on rule-based moderation with

rules from 95 subreddits. They evaluated GPT models (3, 3.5, 4) on a dataset consisting of re-

moved Reddit posts as violating and not violating content. They conclude that the GPT models

are effective in conducting moderation on subreddits like r/Movies but struggle with other sub-

reddits such as r/askscience and r/AskHistorians. We build on previous results by studying gaps

in both purpose-built moderation models and LLMs. Rather than focusing on the broad binary
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questions of removing or keeping posts, we focus on coverage for specific moderation rules. In

addition, we include the perspectives of human moderators to understand how existing models

address the needs of real-world moderation.

4.1.3 Hugging Face Model Review

One traditional approach to understanding a scientific context is to perform a literature

review. Because we are particularly interested in deployable models, we opt for a model review,

where instead of reviewing papers, we review publicly available models that can be adapted to

assist content moderators in making moderation decisions, with the focus on Reddit rules. We

conduct the model review via Hugging Face (HF)3, an open-source platform that provides pre-

trained models for various NLP tasks, to understand the progress of model development from

existing research in covering various moderation rules. To conduct the model review, we gather

rules from three subreddits and manually investigate for each rule whether there exists an HF

model suitable for detecting such rule violations.

4.1.3.1 Method

Chandrasekharan et al. [2018] clustered 100 subreddits into six Meso groups plus four

Micro groups based on similarity of the removed posts. Since Micro groups are subreddits, whose

rules are more specific to the particular subreddit, we focus on the Meso groups, whose rules

are shared across multiple subreddits within the group. We pick three subreddits – r/Atheism,

r/Movies, r/AskHistorian, from three of the major Meso subreddit clusters and use their rules

as representatives for the study. We verify the coverage of the three subreddits’ rules by cross-

3https://huggingface.co/models
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referencing them with the list of 25 rule types from Fiesler et al. [2018], ensuring that all text-

based rule types are covered by at least one of the rules from the three subreddits. See appendix

Table B.1 for our list of rules and its cross-referencing with the list of rule types.

Procedure For each rule, we first crawl its rule description from Reddit and answer the follow-

ing two questions based on the description.

▶ RULE-BASED?: Can detection of violations on this rule be done by rule-based approaches,

e.g. by regular expressions (yes or no)? We first mark out the rules that can easily be handled

by rule-based approaches, such as detecting reposts. If the answer is yes, we do not consider this

rule any further; all other rules are fully analyzed using following steps.

▶ TOXIC?: Is this rule covered by toxicity detection (yes or no)? To understand what portion

of the policies are related to toxicity detection, we mark the rules that can be handled by toxicity

detectors, such as detecting harassment.

Then, we search on HF for a matching model to each rule. Based on the rule descriptions

and our knowledge of previous NLP task names, we identify keywords for model searching. For

example, for the rule Personal Attacks or Flaming: “Keep things civil. Avoid fighting

words and personal attacks. (applies to all forms of user content, including the user’s name.)”,

we use keywords doxxing and cyberbullying.

We then search on HF by matching keywords with model names or model cards to find the

most relevant model to each moderation rule. We traverse the top 20 search results to find the

most relevant model, which we call the matching model. If more than one model is relevant, we

select the model with the highest number of likes on HF. If nothing relevant is found, we declare

there is no matching model for this moderation rule. We also skip any model that does not contain
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Figure 4.1: Model review annotation results. Figures (a) and (b) are the results of annotation
questions RULE-BASED? and TOXIC?, respectively. Figures (c) and (d) are the results of ques-
tion MATCH? for rules related to toxicity detection and not related, respectively.

a model card (i.e., no model description). See Tables B.3, B.4, and B.5 in the appendix for the

keywords we used and the matching models for each rule.

With the matching model, we then answer the following questions for each moderation

rule:

▶ MATCH?: Is there an HF model that can be used to detect violations of this rule? Possible

answers are yes; yes, but with changes; or no. We mark yes, but with changes when the model

is intended to be used for tasks similar to detecting violations of this rule, but some adjustment

are needed for the model to be useful in this case. The adjustments needed are noted in the last

question.

▶ PURPOSE?: What is the original purpose of this matching model? We note the intended use

case for the model as claimed in the model card.

▶ GAP?: In order to adapt this model to detect violations of this rule, what needs to be adjusted?

We write the changes, if needed, for the model to be used for this rule, such as domain adaptation.
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4.1.3.2 Model Review Results

As shown in Figure 4.1, among the 41 moderation rules, 37 (90%) of the rules cannot

be handled by rule-based approaches. Among these, only 7 (19%) are toxicity-related. This

reemphasizes that models solely designed for detecting toxicity fall short in meeting the practical

needs of content moderators.

Among the 7 toxicity-related rules, we see that 4 (57%) require model modifications. Most

of these modifications are customization for the rule, which we will describe later. Even toxicity-

related rules, despite having many developed models, do not have perfectly matching models.

Among the 37 non-toxicity-related rules, only 6 (20%) rules have matching HF models that

can be applied directly. 13 (43%) of the rules require some model modifications in order for

the matching model to be adapted for the rule, whereas 11 (37%) rules have no matching model

at all. These rules include, for example, low-effort posts and proselytizing from

r/Atheism, and no homework and no “soapboxing” or loaded questions from

r/AskHistorians.

Overall, many rules lack a matching model. For the rules that have one, most require non-

trivial model modifications to be covered. These results indicate a substantial gap between the

functionalities of previously developed models and those needed for Reddit moderation.

For the GAP? question, we primarily identify four types of gaps.

1. The most common adjustment is domain adaptation to the rule-related topic or to Reddit

texts. For example, the No Ambiguous/Misleading/Inaccurate Information

rule in r/Movies can be handled with a misinformation detection model, but the model

needs to be adapted to title-like texts and information about movie releases.
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2. Some models are developed with a limited scope of training data and thus may require

extended training to be used for moderation. For instance, we found a plagiarism model that

was trained on the Machine Paraphrase Corpus Wahle et al. [2022] consisting of ∼ 200k

examples of original and paraphrases using two online paraphrasing tools. The plagiarism

cases on Reddit may be more complicated than paraphrasing, and the potential plagiarism

source is larger. Hence, the model needs an extension of scope in order to be useful.

3. Models for some rules, especially toxicity-related rules, require customization. For exam-

ple, r/Atheism has the rule Harassment or Bigotry that prohibits harassment but

permits curse words. A toxicity detection model can be used here but needs modification.

4. Some models can be applied to certain rules, but with a degree of stretching. For instance,

violations of the rule Off Topic can potentially be caught by a topic classifier model,

but the model requires some major changes to adapt to the subreddit and its related topics.

To see detailed annotations for each question, please refer to Tables B.3, B.4, and B.5 in appendix.

4.1.4 LLM Performance on Subreddit Rules

Finding a suitable NLP model for handling a moderation rule, let alone executing the nec-

essary modifications to the model, is not trivial, and some rules simply lack a matching model to

address their specific issues. It requires familiarity with NLP techniques and tasks, which may

not be within the scope of a content moderator’s abilities. Question-answering-based LLM appli-

cations, on the other hand, may be more practical for content moderators to employ in assisting

their jobs. Therefore, we also evaluate LLMs’ performance in catching rule violations. For this

evaluation, we focus on the r/AskHistorians subreddit, which has 23 moderation rules, and two
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LLMs — Llama-2 and GPT-4.

4.1.4.1 Method

Evaluation Dataset The evaluation dataset was created and annotated by a volunteer modera-

tor for r/AskHistorians who has expertise in both moderation and qualitative analysis. For each

rule, 11–13 violating posts or comments were selected, save for posts violating the Illegal

artifacts rule, which, due to the rareness of violations, was only represented 3 times in the

dataset. Most content was selected from r/AskHistory, a Reddit community that is thematically

similar to r/AskHistorians but with different moderation rules. Some additional content was

taken directly from r/AskHistorians. We exclude all borderline cases and only select posts and

comments that clearly violate the rules. In total, the dataset includes 101 questions and 134 com-

ments.4 Because content often violates more than one rule, questions and comments included in

the dataset often reflect multiple violations; however, annotations represent the most relevant or

severe violation. For example, a comment containing only a joke would be annotated as violating

the rule prohibiting joke responses, even though it would also violate rules on comprehensive-

ness or depth. The dataset also included 11 questions and 10 comments that do not violate any

r/AskHistorians rules. We use these data as our evaluation dataset.

Model Testing and Prompts To assess the performance of LLMs, we test GPT-4 and Llama-2-

13b models. We conduct a pilot experiment with a small number of randomly selected examples

from our dataset to determine the prompt for model assessment. Since moderators are mostly

unfamiliar with prompt tuning and have limited time to learn this skill, we aim to test the models

4In r/AskHistorians, posts are questions users have asked and comments are responses to questions. Comments
included in the dataset are not necessarily responses to the questions included in the dataset.

84



without extensively experimenting different wordings or examples of the prompt, roughly as they

might be used by moderators.

First, as suggested in the prompting guidelines Shieh [2023], we find that using rule de-

scriptions in the prompt is helpful for the model to detect violations of the rule. Hence, we crawl

rule descriptions from r/askHistorians rule explanation web page. As the descriptions from the

subreddit web page are long and include many constructive suggestions for post-writers, we man-

ually select useful information for moderation to include in the prompt. See appendix Table B.2

for the list of the rules and their descriptions.

Moreover, we experiment with both zero-shot and few-shot settings. In the few-shot set-

ting, we provide the model with three examples that violated the rule and three examples that

did not for question contents. For comment contents, we provide one example for each due to

the model’s input length limit. We realize that few-shot examples are helpful for the Llama-2

model to better understand the task, whereas the GPT-4 model does not have significant improve-

ment from incorporating the examples. Therefore, for the main experiment, we test GPT-4 with

the zero-shot setting and Llama-2 with the few-shot setting, but we also report the full set of

experiments in the appendix.

Finally, following the suggestions from Shieh [2023], we set the model’s role as a moder-

ator assistant and put the main question at the beginning of the prompt. In the few-shot setting,

we also repeat the main question at the end of the prompt. See following for the exact prompts

we used.

Prompt for Testing Llama-2 with the Few-shot Setting

<s>[INST] «SYS»
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You are a moderator assistant. There is a moderation policy named {rule} that

says {rule description}. Does the following content violate the {rule} policy?

Simply give a yes or no answer.

«/SYS»

{violating example content}

Does the following content violate the {rule} policy?

Simply answer yes or no.[/INST] Yes </s><s>[INST]

{not violating example content}

Does the following content violate the {rule} policy?

Simply answer yes or no.[/INST] No </s><s>[INST]

{test content}

Does the following content violate the {rule} policy?

Simply answer yes or no.[/INST]

Prompt for Testing GPT-44 with the Zero-shot Setting

"role": "system", "content": "You are a moderator assistant.",

"role": "user", "content": "There is a moderation policy named {rule} that says

{rule description}. Does the following content violate the {rule} policy? Simply

give a yes or no answer.",

"role": "user", "content": {test content},

4.1.4.2 Moderator Evaluation

To understand volunteer moderators’ perspectives on the relative performance of LLMs,

we also conducted an evaluation survey with active moderators from r/AskHistorians.5 The sur-

5Approved by our institutional IRB, #1704882-8.
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Figure 4.2: Model performance on detecting question posts that violate moderation rules with
GPT-4 (top) and Llama-2 (bottom) models. The x-axis is the moderation rules for question posts.
Each bar pair is the precision (left) and recall (right) scores on the specific rule. The ones marked
grey are the model scores that moderators would not consider useful as a moderation assistant
tool. The left-most rules have good performance from both of the LLMs; the rules in the middle
have good performance from at least one of the LLMs; the right-most rules do not have good
enough performance from either of the LLMs.
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Figure 4.3: Model performance on detecting comment posts that violate moderation rules with
GPT-4 (top) and Llama-2 (bottom) models. The x-axis is the moderation rules for comment posts.
Each bar pair is the precision (left) and recall (right) scores on the specific rule. The ones marked
grey are the model scores that moderators would not consider useful as a moderation assistant
tool. The left-most rules have good performance from both of the LLMs; the rules in the middle
have good performance from at least one of the LLMs; the right-most rules do not have good
enough performance from either of the LLMs.
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vey aimed to capture 1) whether moderators would use the LLM to help with their moderation

work on each rule, given the LLM’s performance (precision and recall) identifying violations for

this rule, and 2) for each rule, what kind of model performance is needed to effectively assist

moderators.

To answer the first question, we asked participants to evaluate each model’s performance.

We showed participants the LLMs’ precision and recall scores for each rule from our experiment

and asked them to choose among: 1). performance for this rule is good enough that I would use

the tool, 2). I would use this tool for this rule if it could catch more violations (need higher recall),

3). I would use this tool for this rule if it could be correct more often (need higher precision), or

4). both measures would have to improve for me to use this tool.

For the second question, we asked participants to cluster moderation rules based on how

important it is for the model to have high precision (or high recall) for each rule, compared to

other rules. Options included: most important, less important, and would not use a model for

this rule. We also asked for participants’ comments on using LLMs to identify violating posts in

general. See appendix Figures B.3 and B.4 for the exact questions we asked.

Overall, by invitation, we recruited 11 out of 36 total active moderators from r/AskHistorians.

We obtained their consent at the beginning of the survey. Our participants spent an average of 25

minutes completing the survey. In return, participants received compensation in the amount of

$25 USD upon completion of the survey in full.

89



Figure 4.4: Clustering results from the survey study. Each point is a moderation rule from
r/AskHistorians. The x-axis shows the precision importance score, or how important it is for
a model to have high precision for this rule. Similarly, the y-axis shows the recall importance
score. Note that we removed rules for which at least three participants stated they would not use
a model.
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4.1.4.3 Model Performance – Results

We tested GPT-4 and Llama-2 on the evaluation dataset as we described above. We use

the first occurrence of “Yes” or “No” in the generated text as the model’s output. The results are

shown in Figure 4.2 and Figure 4.3 (See appendix Figure B.1 and Figure B.2 for the results of the

models in both few-shot and zero-shot settings). The results are mixed – some rules have both

high precision and high recall from at least one model, while many of the rules have moderate

to low precision, recall, or both. Neither of the two models is clearly better than the other in

identifying violating contents for all the rules. The results indicate that certain rules remain

unresolved, even for state-of-the-art LLMs.

Our survey results indicate that different moderators have different perceptions of what

constitutes an adequate model: for the evaluation questions, participants exhibited only fair agree-

ment (Fleiss’ Kappa 0.34). Mirroring policy decision-making standards in the subreddit, we use

majority vote to summarize participants’ evaluation of the models’ performance. The results are

shown in Figure 4.2 and Figure 4.3. In most cases, moderators would consider models with

> 70% precision and recall to be useful. Among the 23 rules, both models are considered useful

for three question rules and three comment rules. For some rules, such as NSFW/Sensitive

content, No plagiarism, No political agendas or moralising, and Depth,

moderators can accept low recall; for some, such as Do not just post links or

quotations, moderators can accept low precision. Importantly, there are six rules (26% of all

rules) for which neither model is considered useful. This emphasizes that, while current LLMs

provide possibilities for supporting content moderation work, further improvement is needed to

support useful moderation tools.
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Most of the moderators were excited about the idea of having even imperfect assistant

models to support their work. Two participants expressed willingness to accept a model with

moderate levels of precision and recall, because “any help is better than no help.” One stated “A

tool flags a lot of things but isn’t right too often? Well, it’s still flagging things for my attention.

A tool that doesn’t flag a lot but is very frequently right? Great, I don’t have to think about

whether or not to remove what it’s found.” This response emphasizes the importance of model

transparency. Model users often can adapt to a flawed model and make it useful as long as they

are informed of its performance limitations.

Some moderators value precision more than recall because a model that mis-flagged many

posts would make moderators’ workload unnecessarily large. On the other hand, some mod-

erators consider recall to be more important to catch all violating posts missed by moderators,

especially for urgent or sensitive content, such as for the rule Civility. Moreover, some par-

ticipants state that the need for the model varies according to the rules. One participant specified,

“A tool would be useful for assessing and filtering breaches of more complex rules like pla-

giarism (especially Chat GPT use) or poor sourcing, but given the time needed to assess these

claims it would need to be correct the overwhelming majority of the times it flagged something.

For simpler rules like clutter, depth, or no jokes then I would like to see a tool which is able

to flag the majority of comments which break the rules.” The same participant also pointed out

that they would not use a model for rules that are inherently subjective between moderators, such

as Basic facts. Another participant further indicated the need for model explanations for

complex rules.

To inform future improvement on moderation assistant models, we asked moderators to

cluster rules according to their needs. The results, as in Figure 4.4, provide quantified insight
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into moderators’ needs for model precision and recall. We aggregate participants’ answers by

averaging their choice of cluster for each rule. Each time a participant assigned a rule to most

important, it is scored as two points; assignments to less important are scored as one point.

Rules for which a participant selected would not use are not included in the score calculation

but reported separately. Among the 23 rules, ten require both high precision and high recall

(> 1.5). For three rules, at least three participants claimed they would not use a model —

Basic facts, Scope, and Sources. We hope our results can serve as a guide for future

moderation assistant models to better align with moderators’ needs.

4.1.5 Discussion and Limitations

Overall, our findings suggest potential directions for future research on moderation assis-

tants. First, there remains ample opportunity for model improvements. There are ten rules that

moderators require both high precision and high recall, as in Figure 4.4. For three of them, neither

GPT-4 nor Llama-2 are considered useful by moderators: Privacy and Homework with low

recall (27%), and No partial answer or “placeholders” with low precision (63%).

For four of the ten rules, although moderators mark one model as acceptable, there is still room

for improvement in precision or recall: Plagiarism, NSFW/Sensitive content, and

Depth with recall 40 − 62%, and Do not just post links or quotations with

precision 69%. Besides, the rule Digression, which requires high precision, has low preci-

sion from both models (58% and 64%). Though some rules are distinct for r/AskHistorians (e.g.,

Homework), many rules are also enforced in other subreddit communities. For example, among

the 523 subreddits studied by Fiesler et al. [2018], 39% have rules on off-topic content (similar to
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the Digression rule in our study) and 27% have rules on NSFW content. Hence, our findings

underscore the existence of plenty of rules from online communities beyond toxicity detection

that require exploration.

Despite the models not performing as well as one might hope, volunteer moderators express

significant enthusiasm and flexibility about having moderation assistants. People are used to

working with tools that may not be perfect, and they are skilled at finding ways to make the most

of them. In our findings, moderators explained several personal approaches they take in using a

model with moderately low precision or with moderately low recall. However, in order to exercise

these strategies, models’ abilities must be transparent to enable users to adapt accordingly.

Furthermore, we observed varying requirements among users and rules. Even for the same

rule, different moderators expressed distinct preferences for high precision or recall. This sug-

gests that in situations where a trade-off between precision and recall is necessary, moderators

may lean towards a model offering more user control, thus allowing for an adjustable trade-off.

This way, they can customize the model to align with their preferences. In addition, for com-

plex rules (e.g. Plagiarism and Digression) or subjective rules (e.g. Basic facts and

Scope), moderators prefer model explanations over mere flagging of violations.

Finally, this study showcases the importance of involving direct stakeholders (e.g. modera-

tors) in the design and development loop for AI tools. They not only ease the alignment of model

construction with users’ needs but also provide insights model developers might otherwise miss.

Limitation This study has several limitations. We are primarily studying Reddit; other plat-

forms may have different sets of rules. We are also focusing on English and text-only posts;

violations in other languages or in other forms, such as images and videos, may face different
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challenges. Furthermore, our survey study is limited to volunteer content moderators from the

r/AskHistorians community. While we anticipate that the insights gained from the moderation

experience might have broader applicability across communities and for other moderators, the

extent of generalization remains uncertain without further study.

Moreover, this study and findings are grounded in the set of Reddit moderation rules rather

than the frequency of their violation. Consequently, we lack information regarding which rules

moderators encounter most frequently and for which rules they want additional assistance.

In addition, our model testing is limited to one-shot and few-shot contexts, as opposed to

other strategies, such as interactive teaching and Chain-of-Thoughts.

4.2 Visual Question Answering Systems for Blind and Visually Impaired Peo-

ple

Joint work with Kyle Seelman1, Kyungjun Lee1, Hal Daumé III. Appeared at AACL 2022

In this section, we explore how machine systems can empower humans with disabilities

and, thus, have unique requirements. Much research has focused on evaluating and pushing

the boundary of machine “understanding” – can machines achieve high scores on tasks thought

to require human-like comprehension, including image tagging and captioning [e.g., Lin et al.,

2014], and various forms of reasoning [e.g., Wang et al., 2018, Sap et al., 2020]. In recent years,

with the advancement of deep learning, we saw great improvements in machines’ capabilities

in accomplishing these tasks, raising the possibility for deploying machine systems for assisting

1Equal contribution.
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human in real-life tasks. In this section, we delve into the visual question answering (VQA) task

to investigate opportunities and challenges of adapting machine understanding VQA systems to

assist visually-impaired people.

4.2.1 Overview

Visual question answering (VQA) is a task that requires a model to answer natural lan-

guage questions based on images. This idea dates back to at least to the 1960s in the form of

answering questions about pictorial inputs [Coles, 1968, Theune et al., 2007, i.a.], and builds on

“intelligence” tests like the total Turing test [Harnad, 1990]. Over the past few years, the task

was re-popularized with new modeling techniques and datasets [e.g. Malinowski and Fritz, 2014,

Marino et al., 2019]. However, besides the purpose of testing a models’ multi-modal understand-

ing, VQA systems could be potentially beneficial for visually impaired people in answering their

questions about the visual world in real-time. For simplicity, we call the former view machine

understanding VQA (henceforth omitting the scare quotes) and the latter accessibility VQA. The

majority of research in VQA (subsection 4.2.2) focuses on the machine understanding view. As

a result, it is not clear whether VQA model architectures developed and evaluated on machine

understanding datasets can be easily adapted to the accessibility setting, as the distribution of

images, questions, and answers might be—and, as we show, are—quite different as shown in

Figure 4.5.

We aim to investigate the gap between the machine understanding VQA and the accessibil-

ity VQA by uncovering the challenges of adapting machine understanding VQA model architec-

tures on an accessibility VQA dataset. Here, we focus on English VQA systems and datasets; for
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Figure 4.5: Given similar image content (left: food, right: cat), questions in the machine “under-
standing” dataset VQA-v2 and the accessibility dataset VizWiz are substantially different. In the
VizWiz examples, we see questions that are significantly more specific (with one question even
explicitly stating that it’s already obvious that this is a can of food), more verbal, and significantly
less artificial (as in the cat examples).

machine understanding VQA, we use the VQA-v2 dataset Agrawal et al. [2017], while for acces-

sibility VQA, we use the VizWiz dataset Gurari et al. [2018] (subsubsection 4.2.3.1). Through

performance assessments of seven machine understanding VQA model architectures that span

2017–2021 (subsubsection 4.2.3.3), we find that model architecture advancements on machine

understanding VQA also improve the performance on the accessibility task, but that the gap of the

model performance between the two is still significant and is increasing (subsubsection 4.2.4.1).

This increasing gap in accuracy indicates that adapting model architectures that were developed

for machine understanding to assist visually impaired people is challenging, and that model de-

velopment in this area may indicate architectural overfitting.

We then further investigate what types of questions in the accessibility dataset remain hard

for the state-of-the-art (SOTA) VQA model architecture (subsubsection 4.2.4.2). We adopt the
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data challenge taxonomies from Bhattacharya et al. [2019] and Zeng et al. [2020] to perform

both quantitative and qualitative error analysis based on these challenge classes. We find some

particularly challenging classes within the accessibility dataset for the VQA models as a direction

for future work to improve on. Additionally, we observe that many of the questions on which

state-of-the-art models perform poorly are not due to the model not learning, but rather due to a

need for higher quality annotations and evaluation metrics.

4.2.2 Related Work

Brady et al. [2013] conduct a thorough study on the types of questions people with visual

impairments would like answered, and provide a taxonomy for the types of questions asked and

the features of such questions. It was a significant step in understanding the need in people with

visual impairments for VQA systems. In combination with our study, this gives a more complete

picture of what kinds of questions not only contribute to better model performance, but actually

help individuals with visual impairments. Additionally, Zeng et al. [2020] seek to understand the

task of answering questions about images from people with visual impairments (i.e., VizWiz) and

those from sighted people (i.e., VQA-v2). The authors identified the common vision skills needed

for both scenarios and quantified the difficulty of these skills for both humans and computers on

both datasets.

Gurari et al. [2018], who published a very first visual question answering (VQA) dataset,

“VizWiz” containing images and questions from people with visual impairments, pointed out

the artificial setting of other VQA datasets that include questions that are artificially created by

random sighted people. The VizWiz challenge is based on real-world data and directs researchers

98



working on VQA problems toward real-world VQA problems. This dataset was built on data

collected with a crowdsourcing app, where users with visual impairments share an image and

a question with a sighted crowdworker who answer the question for them Bigham et al. [2010].

Other existing datasets, such as VQA Antol et al. [2015], DAQUAR Malinowski and Fritz [2014],

and OK-VQA Marino et al. [2019], are different in that their questions were not provided by those

who took images. Instead, the images were first extracted from web searches, and then questions

were later provided by sighted crowdworkers who viewed and imagined questions to ask about

those images. Here, we see that people with visual impairments can benefit the most from VQA

technology but most of the existing VQA datasets do not involve people with visual impairments.

Some prior studies has investigated VQA datasets further, focusing on assessing diversity in

answers to visual questions. For instance, Yang et al. [2018] looked at answers to visual questions

created by blind people and sighted people and worked on anticipating the distribution of such

answers. Predicting the distribution of answers asked, they helped crowdworkers create as many

unique answers as possible for answer diversity. Bhattacharya et al. [2019] tackle the same issue

by looking at images of VQA. They proposed a taxonomy of nine reasons that cause differences

in answers and developed a model predicting potential reasons that can lead to differences in

answers. However, little work explores discrepancies between questions from actual users of

VQA applications (i.e., users with visual impairments) and contributors who helped develop data

for VQA applications.

We aims to understand this gap by assessing the discrepancies between the dataset contain-

ing artificially created data and the dataset containing real-world application data present across

differnet VQA models. More specifically, we assess the performance of VQA models that were

proposed in different times and delve into the old model and the state-of-the-art model with in-
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dividual datapoints to identify patterns where the models perform poorly for the accessibility

dataset.

4.2.3 Experiment Setup

To evaluate how existing VQA models’ performance on machine understanding dataset

align with performances on the accessibility dataset, we select two VQA datasets and seven VQA

models. One of the dataset, VQA-v2, was proposed for machine understanding, whereas the other

dataset, VizWiz, was collected to improve accessibility for visually-impaired people. The seven

VQA models, selected from the VQA-v2 leaderboard6, include MFB Yu et al. [2017], MFH Yu

et al. [2018], BAN Kim et al. [2018], BUTD Anderson et al. [2018], MCAN Yu et al. [2019],

Pythia Jiang et al. [2018], and ALBEF Li et al. [2021]. We assess all seven models on both of the

datasets to investigate and understand the model progress across the machine understanding and

accessibility datasets.

4.2.3.1 Datasets

As a representative of machine understanding VQA, we take the VQA-v2 dataset Agrawal

et al. [2017], which includes around 204,000 images from the COCO dataset Lin et al. [2014]

with around one million questions. The images are collected through Flickr by amateur photogra-

phers. Thus the images are from sighted people rather than visually-impaired people. In addition,

questions in VQA-v2 are collected in a post-hoc manner — given a image, sighted crowdwork-

ers are asked to create potential questions that could be asked for the image. Finally, given the

image-question pairs, a new set of annotators are asked to answer the questions based on the

6https://paperswithcode.com/sota/visual-question-answering-on-vqa-v2-test-dev
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image information. For each image-question pair, ten annotations are collected as ground-truth.

As a representative of accessibility VQA, we take the VizWiz dataset Gurari et al. [2018],

which includes around 32,000 images and question pairs from people with visual impairments.

This dataset was built on data collected with a crowdsourcing-based app Bigham et al. [2010]

where users with visual impairments asks questions by uploading an image with a recording

of spoken question. The VizWiz dataset uses the image-question pairs from the data collected

through the app and asks crowdworkers to annotate answers. Similarly, ten ground-truth answers

are provided for each image-question pair. Note that in VizWiz each image-question pair is

provided simultaneously by the same person, which is different from how the VQA-v2 dataset

was curated.

Our evaluation also uses a smaller subset of VQA-v2’s training set, which we call VQA-v2-

sm, limited in size to match that of VizWiz’s training set. This dataset is created to evaluate the

effects of dataset size in VQA models’ performance.

4.2.3.2 Evaluation Metric

We evaluate the seven models on the VQA-v2 and the VizWiz datasets with the standard

“accuracy” evaluation metric for VQA. Since different annotators may provide different but valid

answers, the metric does not penalize for the predicted answer not matching all the ground truth

answers. For each question, given the ten ground-truth from human annotators, we compute

the model answer accuracy as in Equation 4.1. If the model accurately predicts an answer that

matches at least three ground-truth answers, it receives a maximal score of 1.0. Otherwise, the
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accuracy score is the number of ground-truth answers matched, divided by three:

accuracy = min

{
1,

# matches
3

}
(4.1)

4.2.3.3 Models

All of the following models approach the problem as a classification task by aggregating

possible answers from the training and validation dataset as the answer space.

MFB & MFH: The multi-modal factorized bilinear & multi-modal factorized high-order pooling

models [Yu et al., 2017, 2018] are built upon the multi-modal factorized bilinear pooling that

combines image features and text features as well as a co-attention module that jointly learns

to generate attention maps from these multi-modal features. The MFB model is a simplified

version of the MFH model.

BAN: The bilinear attention network model Kim et al. [2018] utilizes bilinear attention distri-

butions to represent given vision-language information seamlessly. BAN considers bilinear

interactions among two groups of input channels, while low-rank bilinear pooling extracts the

joint representations for each pair of channels.

BUTD: The bottom-up and top-down attention model Anderson et al. [2018] goes beyond top-

down attention mechanism and proposes the addition of a bottom-ups attention that finds image

regions, each with an associated feature vector. Thus, creating a bottom-up and top-down

approach that can calculate at the level of objects and other salient image regions.

MCAN: The modular co-attention network model Yu et al. [2019] follows the co-attention ap-

proach of the previously mentioned models, but cascades modular co-attention layers at depth,
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to create an effective deep co-attention model where each MCA layer models the self-attention

of questions and images.

Pythia: Pythia is an extension of the BUTD model, utilizing both data augmentation and ensem-

bling to significantly improve VQA performance Jiang et al. [2018].

ALBEF: The align before fusing model Li et al. [2021] builds upon existing methods that employ

a transformer-based multimodal encoder to jointly model visual tokens and word tokens, by

aligning the image and text representations and fusing them through cross-model attention.

For all the models, the answer space of the VQA-v2 dataset is 3, 129, while the answer space of

the VizWiz dataset is 7, 371, which is provided by Pythia Jiang et al. [2018].

Implementation details. We use three different code bases for our evaluation: OpenVQAa,

Pythiab, and ALBEF7. On the OpenVQA platform, four VQA models—MFB, BAN, BUTD, and

MCAN—are already implemented. Pythia supports both of the VQA-v2 and Vizwiz datasets,

but the OpenVQA and ALBEF only support the VQA-v2 dataset. Thus, we implement the sup-

port of the VizWiz dataset on OpenVQA (i.e., for MFB, BAN, BUTD, and MCAN) and ALBEF.

Their default hyperparameters are used to train models on VQA-v2 and VizWiz, respectively.

For OpenVQA and ALBEF on which we implement the VizWiz support, the default hyperpa-

rameters for VQA-v2 are used to train models on VizWiz as well. We fix the default accuracy

metric implemented in OpenVQA, which is silently incompatible with the VizWiz data format,

consistently underscoring predictions.

7https://github.com/MILVLG/openvqa,
https://github.com/allenai/pythia,
https://github.com/salesforce/ALBEF.
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Figure 4.6: Model accuracy on the VQA-v2 dataset and the VizWiz dataset. The models are
ordered by the time they were proposed.

4.2.4 Findings

Our objective in this section is to investigate challenges of the VQA task on two different

datasets. We assess the performance progress of VQA models and delve into errors. Then, we

discuss research directions that future work could take.

4.2.4.1 Model Performance Progress

First, we examine whether the progress of VQA model architectures on the machine un-

derstanding dataset (VQA-v2) also apply to the accessibility dataset (VizWiz). For VizWiz, we

report testing results on both trained from scratch with VizWiz (VizWiz) and trained on VQA-v2

and finetuned with VizWiz (VizWiz-ft). As mentioned in Section 4.2.3.1, we randomly sampled

the same number of datapoints from the train set of VQA-v2 as that in VizWiz to form VQA-v2-sm

to understand the effect of dataset size in the VQA performance.
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Figure 4.7: The model accuracy progress from MFB (left point) to ALBEF (right point) on each
challenge class in Zeng et al. [2020] (orange) and Bhattacharya et al. [2019] (blue) for the VizWiz
dataset. The grey bar represents the percentage of data points labeled with such challenge class.

The results are shown in Figure 4.6.8 Overall, we observe that along with the advance-

ment of model structures based on the VQA-v2 dataset, the model accuracy also improves on

the VizWiz dataset. We observe that, from 2018 through 2021, performance on VQA-v2 im-

proved 10% (from 65.2% to 71.6% accuracy), resulting in a similar improvement of 11% (43.8%

to 48.8%) on VizWiz without fine-tuning and 30% (39% to 50.8%) on VizWiz with fine-tuning.

The models fine-tuned from VQA-2 to VizWiz (i.e., VizWiz-ft) do not significantly outperform

those trained on VizWiz from scratch. Gurari et al. [2018] also reported a similar pattern but

pointed out the gap between model performance and human performance. These results show

that improvements on VQA-v2 have translated into improvements on VizWiz, whereas the per-

formance gap between the two datasets are still significant.

However, when controlling for dataset size, we see an improvement of 42% (43.8% to

8We do not include results of Pythia trained from scratch on VizWiz because their code expected to train VizWiz
from a VQAv2.0 checkpoint, not from scratch.
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Label % Definition

Vision

ObjRec 56.7% object recognition
TextRec 29.0% text recognition
ColRec 13.3% color recognition
Count 1.0% counting

Image-Question

GranA 29.0% answers at different granularities
AmbQ 28.3% ambiguous question w/ > 1 valid an-

swer
SynonA 24.7% different wordings of same answer
MissA 8.7% answer not present given image
LoQual 6.0% low quality image
InvalQ 2.7% invalid question
HardQ 0.4% hard question requiring expertise
SubjQ 0.4% subjective question
InadA 0.0% inadequate answers

Table 4.1: VQA challenge taxonomies and the number of data examples in the VizWiz dataset
labeled with each challenge class.

62.4%) on VQA-v2-sm, where the training data is capped at the size of VizWiz, a substantially

larger improvement than the 11% seen on VizWiz (the result on VizWiz with fine-tuning is not

comparable here, because it is fine-tuned from the full VQA-v2 dataset). This appears to demon-

strate a significant “overfitting” effect, as both VQA-v2-sm and VizWiz start at almost exactly

the same accuracy (43.8% and 43.2%) but performance on VQA-v2-sm improves significantly

more than on VizWiz.

4.2.4.2 Error Analysis

We perform both quantitative and qualitative error analysis to better understand which types

of data will be useful to improve accessibility VQA for future dataset collection and model im-

provement. In this section we discuss the overall patterns found for models evaluated on VizWiz

and what type of questions specifically, these model fail on.
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Figure 4.8: The performance improvements from MFB to ALBEF on the VizWiz dataset with
respect to the reduced number of data examples with 0 accuracy score. Red color represents the
number of data examples ALBEF got 0 score on while red plus blue color represents the number
of data examples MFB got 0 score on.

VQA Challenge Datasets In our first set of experiments, we aim to better understand precisely

what that models have improved on between 2017 and 2021 that has led to an overall accuracy

improvement on VizWiz-ft from 39.0% (MFB) to 50.8% (ALBEF). To do this, we make use of

two meta-data annotations of a subset of the VizWiz validation dataset (3, 143 data examples):

one labels each example with the vision skills required to answer that question Zeng et al. [2020],

the second labels each with aspects of the image-question combination that are challenging Bhat-

tacharya et al. [2019]. Both of these papers investigate the challenges for annotators; here, we

use these annotations to evaluate models. Table 4.1 shows the taxonomies and the percent of

VizWiz validation examples that are labeled with the challenge class according to majority vote

over five annotations.

Given this taxonomy, we assess the performance progress between MFB and ALBEF in

the VizWiz-ft setting across each VQA challenge class. The results are reported in Figure 4.7.

In comparing to MFB, ALBEF improves on every class of challenges except HardQ—hard ques-

tions that may require domain expertise, special skills, or too much effort to answer—though

HardQ is also one of the rarest categories. (It is somewhat surprising the high performance of the
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Figure 4.9: Examples of low-performance ALBEF image/question pairs, that should be correct,
together with the accuracy scores. (Left) ALBEF gives a more detailed answer of Iris9, but since
most annotators put flowers, performance score is low. (Middle) ALBEF correctly names the
beer, but once again does not match the annotators, so MFB appears to perform better. (Right)
ALBEF gives a number answer that is close to correct (and which is not much different from the
set of ground truth answers), where MFB does not make an attempt.

models on these “hard” questions.) We observe that among the vision skill challenge classes, the

models struggles the most on recognizing texts. Among the image-question challenges, models

have low accuracy on almost all the challenge classes related to the answers — ground-truth an-

swers with different granularities, wordings, and inadequate answers. This indicates a potential

problem in evaluating models on the VizWiz dataset, which is further explored in our qualitative

analysis in paragraph 4.2.4.2. For the questions, models struggle the most with handling ambigu-

ous or subjective questions, which we will discuss more in the next section. Overall, the results

point out the challenges that models have most difficulty on, which we hope can bring insights

for future work to improve accessibility VQA systems.
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Where the Models Fail To further understand the data examples that the models fine-tuned on

VizWiz perform poorly on, we manually investigate the validation examples on which models

achieve 0% accuracy: matching none of the ten human-provided answers. We measure how

many data examples that have 0% accuracy on MFB got improved by the ALBEF model for

each challenge class, shown in Figure 4.8. We see that model improvement is greatest on color

recognition (65%) and low quality images (63%). On the other hand, object recognition, text

recognition, color recognition, and ambiguous questions are the challenge classes which a current

state-of-the-art model has the most difficulty.

When taking a closer look at the individual examples that ALBEF has 0% accuracy on, it

turns out the issue is often with the evaluation measure and not with the ALBEF model itself.

The most frequent issues are:

Answerable Questions Marked Unanswerable. The biggest difference (and what we deem an

improvement) between ALBEF and MFB has to do with “unanswerable” questions. 27% of the

questions in the validation data are deemed “unanswerable” by at least three annotators—making

“unanswerable” a prediction that would achieve perfect accuracy. For 56% of the questions that

were not of type “unanswerable”, MFB still answered “unanswerable”, while ALBEF did this

only 30% of the time. This skew helps MFB on the evaluation metric, but ALBEF’s answers for

many of these questions are at least as good—and therefore useful to a user—as saying “unan-

swerable.” For example, the number question type, MFB only answered with a number 2.2%

of the time, whereas ALBEF answered with a number 56% of the time and, in those cases, the

answers are often very close to the correct answer (see Figure 4.9).

9As identified by my committee members, this flower is not iris, it may be Lily of the Nile.
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Overly Generic Ground Truth. It is often the case that ALBEF provides a correct answer

that is simply more specific than that provided by the ground truth annotation. For example, a

common question in VizWiz is “What is this?”. When comparing ALBEF and MFB models,

by accuracy alone, ALBEF outperforms MFB in 28.8% of such cases, and MFB outperforms

ALBEF in 12.6%. However, in the majority of these examples, ALBEF gives a correct, but

more detailed response than the ground truth, thus earning it 0% accuracy. So while, based on

the annotation, ALBEF is wrong, the model is actually correctly answering the question and

performs worse than the MFB model only 2.6% of the time. Furthermore, we found that both

MFB and ALBEF models are both challenged by yes/no question types, but that these questions

were often subjective of ambiguous.

Annotator Disagreement. Questions such as “Is this cat cute?” or “Are these bad for me?”

arguably make for poor questions when evaluating model performance: highly subjective yes/no

questions often have annotations where at least three annotators state “yes”, and at least three

state “no”. Therefore, per the evaluation metric, either answer achieves an accuracy of 1. For

example, for the question “Do these socks match?” ALBEF had an accuracy score of 60% for an

answer of no and MFB had an accuracy score of 83% for an answer of yes, even though either is

arguably correct.

4.2.5 Discussion and Limitations

We have shown that, overall, performance improvements on machine “understanding”

VQA have translated into performance improvements on the real-world task of accessibility

VQA. However, we have also shown evidence that there may be a significant overfitting ef-
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fect, where significant model improvements on machine “understanding” VQA translate only

into modest improvements in accessibility VQA. This suggests that if the research community

continues to only hill-climb on challenge datasets like VQA-v2, we run the risk of ceasing to

make any process on a pressing human-centered application of this technology, and, in the worst

case, could degrade performance.

We have also shown that along with the overall model improvement, the accessibility VQA

system have performance growth on almost all of the challenge classes though some challenges

remain difficult. In general, we observe the models struggle most on questions that require text

recognition skill as well as ambiguous questions. Future work thus may wish to pay more atten-

tion on these questions in both data collection and model design.

Finally, we have seen that we are likely reaching the limit of the usefulness of the standard

VQA accuracy metric, and that more research is needed to develop automated evaluation pro-

tocols that are robust and accurately capture performance improvements. On top of this, VQA

systems are reaching impressive levels of performance, suggesting that human evaluation of their

performance in ecologically valid settings is becoming increasingly possible. As ecological va-

lidity would require conducting such an evaluation with blind or low-vision users, research is

needed to ensure that such evaluation paradigms are conducted ethically and minimize potential

harms to system users.

Limitation First, while we analyzed many models across several years of VQA research, our

analysis is limited to two datasets. Moreover, as will be discussed in paragraph 4.2.4.2, the

“ground truth” in these datasets, especially when combined with the standard evaluation metric,

is not always reliable. Second, our analysis is limited to English, and may not generalize directly

111



to other languages. Finally, blind and low-vision users are not a monolithic group, and the photos

taken and questions asked in the VizWiz dataset are representative only of those who used the

mobile app, likely a small, unrepresentative subset of the population.

4.3 Conclusion

In addressing the content moderation task, our study has highlighted gaps between the ca-

pabilities of existing NLP models and the specific requirements needed to comply with Reddit’s

moderation policies. Volunteer content moderators have shown considerable enthusiasm and

adaptability toward utilizing moderation tools. They can accommodate imperfections in these

tools, provided the tools are transparent of their limitations, enabling moderators to make in-

formed adjustments. Moderators have also offered valuable insights in directing future enhance-

ments of the models. Moderators highlighted the need for tools to address complex moderation

rules that require additional read time or specialized domain knowledge. Furthermore, their needs

varied in terms of models’ precision and recall for different moderation rules, with a preference

for handling more subjective rules on their own.

Regarding the visual question answering (VQA) task, we have also observed a significant

gap in adapting existing model architectures, primarily designed for machine “understanding” of

VQA, to the accessibility VQA dataset. Alarmingly, this gap appears to be widening, suggest-

ing that incremental improvements on the challenge datasets might not effectively translate to

real-world applications of this technology. Additionally, we have identified shortcomings in the

standard VQA evaluation metrics, which fail to align with user preferences, potentially leading

to misguided directions in model improvement.

112



In both applications, we have identified significant gaps between the capabilities of current

AI systems and the unique requirements of these users. We have also demonstrated that specified

users can bring practical insights for system improvements as they are the domain experts of their

own experiences. These findings emphasize the need for developers to actively collaborate with

target users throughout the design, development, and evaluation processes to create AI solutions

that effectively address their specific challenges and preferences.
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Chapter 5: Alignment with Diverse Stakeholders’ Values in General Large Lan-

guage Models

In the previous chapter, we explored the importance of aligning AI systems with the needs

of specific user groups, highlighting the value of user-centered design and stakeholder engage-

ment. This chapter addresses the critical issue of aligning AI systems with the values of diverse

stakeholders. We focus on the challenge of stereotyping in large language models, which are

increasingly being deployed across a wide range of applications and have the potential to impact

users from all walks of life. To systematically evaluate stereotypical associations within these

models, we propose a theory-grounded methodology that considers the unique experiences and

perspectives of different social groups, including those with intersectional identities. We then

extend our analysis to investigate stereotype leakage across languages in multilingual models,

highlighting the risk of harmful stereotypes being transferred across cultural boundaries. By

examining the prevalence and nature of stereotypes in these widely-used AI systems, we aim

to contribute to the development of more inclusive and equitable technologies that respect and

uphold the values of diverse stakeholders.
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5.1 Theory-Grounded Measurement of U.S. Social Stereotypes in English Lan-

guage Models

Joint work with Anna Sotnikova1, Rachel Rudinger, Linda Zou, Hal Daumé III. Appeared

at NAACL 2022

5.1.1 Overview

Stereotypes are abstract and over-generalized pictures in people’s minds that capture at-

tributes about groups of people in the complex social world [Lippmann, 1965]. They influence

people’s thoughts and behaviors, and allow people to make predictions beyond their personal

experience or information given [Bruner et al., 1957, Wheeler and Petty, 2001]. Stereotypes are

also entwined with the production of prejudice, discrimination, and in-group favoritism [Stangor,

2014, Jackson, 2011]. A long line of research in social psychology has established models of

generic dimensions that estimate people’s stereotypes of social groups [Koch et al., 2016, Fiske

et al., 2002, i.a.]. We build on the Agency Beliefs Communion (ABC) model, which measures

stereotypes toward a social group with respect to 16 traits in three dimensions: Agency/ So-

cioeconomic Success, Conservative–Progressive Beliefs, and Communion (subsection 5.1.2); an

analysis of the group “man” across 32 traits (16 opposing dyads) is shown in Figure 5.1.

Pre-trained language models (LMs) encode correlations between social groups and traits,

like associating the group “Muslim” with the trait threatening, or “man” with confident

[e.g., Bender et al., 2021, Nozza et al., 2021, Hovy and Yang, 2021]. We conduct a system-

1Equal contribution.
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Figure 5.1: Crowdsourced analysis of the social group “man” under the ABC model [Koch et al.,
2016].

atic study of social stereotypes in contextualized English masked LMs, grounded in group-trait

associations from the ABC model. To capture the group-trait associations in the LM, we first

assess two previously proposed word association tests and also propose a new measurement: the

sensitivity test (SeT) (subsection 5.1.3).

To evaluate the degree to which two LMs—BERT [Devlin et al., 2019] and RoBERTa [Liu

et al., 2019b]—align with human stereotype judgments, we design a human study for collecting

group-trait judgments (subsection 5.1.5). We show that our measure, SeT, best aligns with human

judgements on group-trait associations and find that, in general, the association from language

models have moderate alignment with human judgements.

Finally, with the best-aligned association measurement, we extend the ABC approach to

study LM stereotypes on intersectional groups (subsubsection 5.1.6.2). Due largely to the dif-

ficulty of extending current approaches for measuring stereotypes in LMs to large numbers of
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powerless ↔ powerful

B
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ie
fs

C
om

m
un

io
n untrustworthy ↔ trustworthy

low status ↔ high status religious ↔ science-oriented dishonest ↔ sincere
dominated ↔ dominating conventional ↔ alternative cold ↔ warm

poor ↔ wealthy conservative ↔ liberal benevolent ↔ threatening
unconfident ↔ confident traditional ↔ modern repellent ↔ likable
unassertive ↔ competitive egotistic ↔ altruistic

Table 5.1: List of stereotype dimensions and corresponding traits in the ABC model [Koch et al.,
2016].

groups, most current approaches only study isolated groups, despite the fact that people’s social

identities are multifaceted [Ghavami and Peplau, 2013]. Because our approach is generalizable to

unstudied groups, we take a step towards exploring stereotypes of intersectional identities, finding

some correspondence between model behavior and the literature on intersectional stereotypes.

5.1.2 Related Work

Ours is far from the first work to assess stereotypes in language models, and has both ad-

vantages and disadvantages compared to previous approaches (see Table 5.2). Past work has gen-

erally taken one of two approaches. The first approach tests systems with hand-constructed tem-

plates like “The [group] is □”, where [group] ranges over social groups (e.g., “woman” or

“Hispanic”), and □ represents a “masked word” and ranges over occupations (“a professor” or “a

nurse”) [e.g., Bolukbasi et al., 2016b, May et al., 2019] or associations drawn from implicit asso-

ciation tests (IAT) (e.g., pleasant/unpleasant words or career/family-related words) [e.g., Caliskan

et al., 2017b, Guo and Caliskan, 2021]. In Table 5.2 we refer to these as “unnatural” prompts.

The second approach collects more natural sentences containing stereotypes, either by web crawl-

ing with crowdworkers annotations for social bias [Sap et al., 2019] or by having crowdworkers

directly write stereotyping sentences [Nangia et al., 2020, Nadeem et al., 2020].

We take the first approach with traits from the ABC model, using prompts. The advan-

117



Measurement Generalizes Grounded Exhaustive Natural Specificity

Debiasing (Bolukbasi et al.) ✓ ✓
CrowS-Pairs (Nangia et al.) ✓ ✓ ✓
Stereoset (Nadeem et al.) ✓ ✓ ✓
S. Bias Frames (Sap et al.) ✓ ✓✓ ✓
CEAT (Guo and Caliskan) ✓ ✓ ✓✓
This Work ✓ ✓ ✓✓

Table 5.2: Comparison with previous work: Generalizes denotes approaches that naturally ex-
tend to previously unconsidered groups; Grounded approaches are those that are grounded in
social science theory; Exhaustiveness refers to how well the traits cover the space of possible
stereotypes; Naturalness is the degree to which the text input to the LM is natural (we consider
naturally occurring web scraped data as “very natural” and crowdsourced sentences as “some-
what natural.”). Specificity indicates whether the stereotype is specific or abstract.

tage of this approach is that the templates and the traits are completely controlled and are easy

to extend to other social groups. The second approach is harder to control, which also leads to

significant annotation challenges [Blodgett et al., 2021]. Using natural sentences limits generaliz-

ability, as it requires a unique collection of prompts (and embedded traits) for each social group;

in contrast, the prompt-based approach easily generalizes to any plausible group, especially when

based on a theoretically grounded framework like ABC or IAT.

An advantage of our approach is that the ABC traits are more exhaustive in stereotype

coverage with verification from social psychological experiments. The ABC model covers three

dimensions with 16 traits, which are consensual, spontaneous, and have been tested using ex-

pansive range of social groups [Koch et al., 2021]. They used a carefully designed data-driven

approach to gather people’s fundamental dimensions of social perceptions with as little sampling

bias as possible. Thus the resulted 16 traits cover most stereotypes.

Nevertheless, the main trade-off of our approach is that the testing data are not as natural

and specific as other approaches. Although we carefully pick and adjust the templates and the

form of the social group terms so that the testing sentences are grammatically correct, they are
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Domain Groups

Gender/ sexuality man, woman, non-binary, trans, cis, gay, lesbian
Race/ ethnicity Black, White, Hispanic, Asian, Native American

Religion Jewish, Muslim, Christian, Buddhist, Mormon, Catholic, Amish, Protestant,
Atheist, Hindu

Socio-economic wealthy, working class, immigrant, veteran, unemployed, refugee, doctor,
mechanic

Age teenager, elderly
Disability status blind, autistic, neurodivergent, Deaf, person with a disability
Politics Democrat, Republican

Nationality Mexican, Chinese, Russian, Indian, Irish, Cuban, Italian, Japanese, German,
French, British, Jamaican, American, Filipino

Table 5.3: Social groups domains and corresponding social groups used for the model experi-
ments and human experiments. Single groups for human experiments are highlighted with italic
font style.

likely not representative of sentences seen in the real world or in the training data of the language

models. Further, while our approach has the benefit of near-exhaustive coverage of potential

stereotypes, this comes at a cost: the traits we consider are much more high level (e.g., “repel-

lent”) than more fine-grained stereotypes collected by other means (e.g., the angry Black woman

stereotype Collins [2002])—this approach therefore trades coverage for specificity.

5.1.3 Measuring Stereotypes in LMs

Our goal is to measure stereotypes in (masked) LMs, and compare them to stereotypes

elicited from people. 1 In subsection 5.1.5 we describe our approach for eliciting human judg-

ments of group-trait affinities; here we describe how we measure these in LMs. Previous work

has proposed various ways to measure word associations in LMs, including increased log prob-

ability score (ILPS) and contextualized embedding association test (CEAT), both of which we

have summarized in subsection 2.4.2. We also present a new measurement which we call the

Sensitivity Test (SeT), which adapts concepts from active learning to the task of measuring a

1Both the code and the dataset, along with a datasheet [Gebru et al., 2018b], are available under a MIT licence
at: https://github.com/TristaCao/U.S_Stereotypes.
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LM’s associations.

5.1.4 Measurements of Word Associations

Singular Plural
The/That/A [group] is □. Most/Many/All [group] are □. / [Group] are □.
Declarative Interrogative
[Group] are □. Why are [group] □?
Non-adverbial Adverbial
[Group] are □. [Group] are very/so/mostly □.
Fact Belief
[Group] are □. I/We/Everyone/People believe/expect/think/know(s) that [group] are □.
Fact Social Expectation
[Group] are □. [Group] are supposed to be/should be/are seen as/ought to be/are ex-

pected to be □.
Group-first Trait-first
[Group] are □. The □ people are [group].
Non-comparative Comparative
[Group] are □. [Group] are more likely to be □ than others.

Table 5.4: Template Variations.

Sensitivity Test (SeT) is a new approach we propose to measure word association for social

bias in language models, inspired by ideas from active learning Beygelzimer et al. [2008]. The in-

tuition of SeT is that even though a model assigns the same probability to two different words, the

robustness of those two probabilities may be different. For example, both p(kind|“Men are □”)

and p(competent|“Blind people are □.”) might be low. However, the language model may

well not have seen many examples of blind people, as opposed to the presumably very large

number of examples of men. In this case, a small number of examples may be sufficient to alter

the model’s predictions about blind people, while a larger number would be required for men.

SeT captures the model’s confidence in a prediction by measuring how much the model weights

would have to change in order to change that prediction. Specifically, SeT computes the minimal

change to the last layer of the language model so that a given trait becomes the highest probability
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trait (over the full vocabulary).

For example, consider the template “The [group] is □.” with the group “woman” and

the trait incompetent. Let ℓℓℓ be the logits at □ when the input is “The woman is □.”, and let

t be the index of incompetent in ℓℓℓ (so that ℓt = p(incompetent | context)). Let h be the

last hidden layer before the logits, and let A be the matrix of the last linear layer so that ℓℓℓ = Ah.

SeT computes the minimal distance between A and some other matrix A′ so that t is the top word

among the new logits ℓℓℓ′ = A′h. Formally:

SeT(g,t) = log
∆(A,hg,t)

∆(A,h□,t)
(5.1)

where hg is the penultimate layer on input g

A is the matrix before the logits

∆(A,h,t) = min
A′

| A′ − A | 22 (5.2)

s.t. (A′h)t ≥ (A′h)t′ + γ, ∀t′ ̸= t

for a fixed margin γ > 0, which we set to 1. SeT returns the negative distance as measure of

the association between the corresponding group and trait, normalized by a prior akin to ILPS.

This optimization problem does not (to our knowledge) admit a closed form solution; we solve it

iteratively using the column squishing algorithm [Bittorf et al., 2012, Daumé and Kumar, 2017].
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5.1.4.1 Implementation details

We test all three measurements on both BERT and RoBERTa pretrained large models from

an open-source HuggingFace2 library.

Social groups. Table 5.3 lists all the individual social groups we cover in this work. We man-

ually construct the list by combining and picking groups from the list of social groups from

Sotnikova et al. [2021a] and Koch et al. [2016] and also adding social groups we think are stereo-

typed in U.S. culture.

Traits. We use the 32 adjectives of the 16 traits from the ABC model (Table 5.1). For each traits,

we calculate the score of its left-side adjective from its right-side adjective: Spowerless-powerful(g) =

S(g,powerful)− S(g,powerless), where S is one of the scores from subsection 5.1.4.3

Templates. ILPS and SeT both require templates in calculating scores. We thus carefully con-

struct a list of templates (Table 5.4) that covers multiple grammatical and semantic variations,

inspired by work investigating harmful search automatic suggestions [Hazen et al., 2020]. We

find that different model structure requires different templates in order to bring up stereotypes

that correlate with human data. See subsection 5.1.6 for evidence.

Subwords. Due to the nature of BERT and RoBERTa’s tokenizers, some of the adjectives are

divided into multiple subwords. This is problematic because all the measurements compute their

2https://huggingface.co/models
3In preliminary experiments, when calculating the score for each adjective, we considered including 1-3 addi-

tional adjectives by averaging their scores to improve robustness and mitigate ambiguity. The full list is in Appendix
Table C.1. However, we found that this did not improve correlations, so we reverted to using the 32 adjectives from
the ABC model.
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scores at token level. Neither ILPS nor CEAT deals with subwords directly: in their released

implementations, they either take the first or the last sub-token of the word. To remedy this, we

adjust the ILPS measurement (denoted as ILPS⋆) to properly compute the probability of traits

in context using the chain rule across subwords. For SeT, we calculate the sensitivity score for

each subword individually and take the maximum SeT score as the SeT score for the word, which

effectively computes a lower-bound on how much the model parameters would need to change.

We did not modify CEAT’s measurement as it is not clear what is the best way to compute

comparable word embeddings for words that consist of multiple subwords.

5.1.5 Human Study

In the previous section, we describe how we compute associations between groups and

traits in language models.4 In this section, we assess stereotypes of social groups through groups-

trait association, like in Figure 5.1. We adopt this approach because it is widely used to evaluate

group stereotypes in social psychology field [Fiske et al., 2002, Koch et al., 2016]. It also aligns

with Lippmann [1965]’s theory of stereotypes that they are abstract pictures in people’s head. We

broadly follow procedures from previous social psychology papers to collect human evaluation

on social groups.

Survey Design. We recruit participants from Prolific5. Each participant is paid $2.00 to rate

5 social groups on 16 pairs of traits and on average participants spend about 10 minutes on the

survey. This results in a pay of $12.00 per hour. Maryland’s current minimum wage is $12.20

4Approved by our institutional IRB, #1724519-1.
5https://www.prolific.co/
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6. First, participants read the consent form, and if they agree to participate in the study, they

see the survey’s instructions. For each social group, participants read "As viewed by Ameri-

can society, (while my own opinions may differ), how [e.g., powerless, dominant,

poor] versus [e.g., powerful, dominated, wealthy] are <group>?" They then

rate each trait with a 0-100 slider scale where two sides are the two dimensions of the trait (e.g.

powerless and powerful). Each annotated group is shown on a separate page, and partic-

ipants cannot go back to previous pages. To avoid social-desirability bias, we explicitly write

in the instruction that “we are not interested in your personal beliefs, but rather how you think

people in America view these groups.”

Participant Demographics. At the end of the survey we collect participants’ demographic in-

formation, including gender, race, age, education level, type of living area, etc. Our participants

represent 26 states, with 63.3% from California, New York, Texas, or Florida; the gender break-

down is 48.2% male, 49.6% female, and 2.2% genderqueer, agender, or questioning; and skew

young, with over 96% at most 40 years old; and with racial demographics that approximately

match the U.S. census. For more details on demographics, see subsection C.3.2.

Quality Assurance. Ensuring annotation quality in a highly subjective task is a challenge, and

common approaches in NLP like having questions where we “know” the answer as tests, mea-

suring interannotator agreement, and calibrating reviewers against each other [Paun et al., 2018]

do not make sense here. Yet, it is still important to ensure the annotation quality. After much

iteration, we include three test questions, and warn the participants at the beginning that there are

test questions.

6https://www.minimum-wage.org/maryland
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1. After the first group, participants must name the group they just scored.

2. After the second, participants must list one trait they just marked high and one marked low.

3. The fifth (final) group is a repetition of one of the four groups they previously scored.

We discard annotations with incorrect answers to either of the first two questions. For the third

test, we compute intra-annotator (self) agreement and discard annotations with accuracy-to-self

lower than 80%. For each group we collect 20 annotations that pass our quality threshold. In total,

we collected annotations from 247 participants, with 133 passing the quality tests (suggesting that

having such tests is important). The 114 annotations that did not pass tests were excluded from

our dataset, but all 247 participants were paid.

Social groups and traits. The social groups we used for the human study are highlighted in

Table 5.3. This table contains only single groups used for the model subsection 5.1.3 and human

experiments. We collect annotations for 25 social groups within 5 domains, across all 16 pairs of

traits.

5.1.6 Results

In this section we present results on correlations between human and model stereotypes for

individual groups, comparing across different measurements, including our proposed measure-

ment, SeT (subsubsection 5.1.6.1). Next, we analyze how model scores change for intersectional

social groups. We consider several possible factors that may influence the score changes such as

identity order, some domain domination, and consider emergent traits (subsubsection 5.1.6.2).
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RoBERTa BERT

Measure τ Template(s) τ Template(s)

ILPS 0.280 That [group] is
[trait]. 0.215 All [group] are [trait].

[Group] should be [trait].

ILPS⋆ 0.258

All [group] are
[trait].
That [group] is
[trait].

0.123
We expect that [group] are
[trait].
[Group] should be [trait].

SeT 0.253 That [group] is
[trait]. 0.214 All [group] are [trait].

[Group] should be [trait].

Table 5.5: Best two templates for each measurement-model pair and corresponding correlations.
Some have only one template because there is no combination of two templates that give higher
correlation score than this one template.

CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

Kendall’s τ 0.019 0.111† 0.169† 0.094† 0.175† 0.015 0.199† 0.116
Precision at 3 0.500 0.587 0.620 0.533 0.653 0.560 0.653 0.613

Table 5.6: Overall alignment scores with human annotations. The highest scores are bold for
each row. For correlation scores, we mark scores where the p-value is < 0.05 with †.

5.1.6.1 Correlation on Individual Groups

Before we answer the question of how language model stereotype scores align with human

stereotypes across the measurements introduced in subsection 5.1.3, we first run a pilot experi-

ment to select the best template(s) for each measurement-model pair from the set of templates

in Table 5.4 (except for CEAT, which does not require templates). We randomly picked four

social groups (Asian, Black, Hispanic, immigrant) and five annotations from each group for the

pilot. Since our goal is to inspect the alignment between human and model stereotypes, we take

the averaged score of the five annotations as “ground truth” and select templates that give the

correlation score according to Kendall τ . We limit the selection to at most two templates to avoid

overfitting on the pilot data, selected to maximize correlation for each measurement-model pair.

The selected templates and corresponding correlation scores are shown in appendix (Ta-
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ble 5.5); the score range for weak correlation is 0.10 - 0.19, moderate 0.20 - 0.29, and strong

0.30 and above Botsch [2011]. For a fixed LM, the best templates tend to be similar across all

measures: RoBERTa tends to achieve highest correlation with templates like “That [group] is

[trait].” while for BERT the preferred templates tend to be “All [group] are [trait].”

or “[Group] should be [trait].”

Given the best templates for each measurement-model pair, we measure to what degree

language model stereotypes are aligned with human stereotypes with all annotations on 25 so-

cial groups. To quantify alignment, we both calculate the Kendall rank correlation coefficient

(Kendall’s τ ) and the Precision at 3 (P@3). The former indicates the correlation between model

and human scores on group-trait associations in terms of the number of swaps required to get

the same order. The latter indicates the percentage of the model’s top stereotypes which accord

with human’s judgements. For P@3, we also calculate at both the group level and overall with

all groups. For each group, we compute its P@3 score by taking the average of the P@3 scores

with the top 3 traits (top at one polarity) and the score with the bottom 3 (top at the other po-

larity) because each trait has two polar adjectives and the group-trait score is calculated with the

difference of the two polarities. To calculate the P@3 scores, we binarize the human group-trait

scores at a threshold of 50. The overall P@3 score is the average of the groups’ individual P@3

scores.

The overall scores are in Table 5.6. We see that in general that RoBERTa contains group-

trait associations that are more similar to human judgements than does BERT. Additionally, we

see that both ILPS⋆ and SeT have higher P@3 scores than CEAT and ILPS. The RoBERTa model

with the SeT measurement approach yields outputs are the most aligned with human’s judge-

ments, with RoBERTa/ILPS⋆ a close second. From its scores, we see that model’s group-trait
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associations have moderate correlation with human’s judgements. Moreover, in general, two

out of the three top ranked group-trait associations from the model agree with human data. See

appendix Table C.13 for the overall scores of test groups only, where the four pilot groups are

excluded, and section C.2 for group level alignment scores.

5.1.6.2 Intersectional Groups in LMs

Background. Intersectionality is a core concept in Black feminism, introduced in the Com-

bahee River Collective Statement in 1977 [1977, 1983], considering the ways in which feminist

theory and antiracism need to combine: “Because the intersectional experience is greater than the

sum of racism and sexism, any analysis that does not take intersectionality into account cannot

sufficiently address the particular manner in which Black women are subordinated.” The concept

was applied in law by Crenshaw [1989] to analyze the ways in which U.S. antidiscrimination law

fails Black women.

The concept of intersectionality has broadened and, while its boundaries remain contested

[e.g., Browne and Misra, 2003], there are a number of core principles that are central [Steinbugler

et al., 2006, Zinn and Dill, 1996]: (1) social categories and hierarchies are historically contingent,

(2) the experience at an intersection is more than the sum of its parts Collins [2002], King [1988],

(3) intersections create both oppression and opportunity Bonilla-Silva [1997], (4) individuals

may experience both advantage and disadvantage as a result of intersectionality, and (5) these

hierarchies impact social structure and social interaction.

Goals and Research Questions. We aim to understand whether we can measure evidence of

intersectional behavior in language models with respect to stereotyping. In particular, we are
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interested in questions surrounding how language models stereotype people who simultaneously

belong to multiple social groups. We will only use the term “intersectionality” when specifically

considering cases where (per (3) above) the resulting experience (in this case, stereotyping) is

more than the sum of its parts. For example, common U.S. stereotypes for Black women are as

“welfare queens” (which may show up as low agency in our traits), while common stereotypes

for Black men is as “criminal” (which may show up as low communion) [hooks, 1992, Collins,

2002]. To limit our scope, we will only consider pairs of social groups (e.g., cis men), and will

refer to the the groups that make up a pair as the component identities (e.g., cis, or men). We aim

to answer the following research questions:

1. When presented with a paired identity, is the language model sensitive to the order in which

the component identities appear?

2. When paired, do certain social categories dominate others in a language model’s predictions?

3. Can the language model detect stereotypes that belong to an intersectional group (but not to

either of the components that make up the pair)?

To answer these questions, we use the SeT measurement with the RoBERTa model (the best

performing pair on the single-group experiments) to compute group-trait associations on our

paired groups, which are combinations of all the single groups in Table 5.3. We manually omit

the groups that do not logically exist (e.g. “cis non-binary person”, “teenage elderly person”)

or are grammatically awkward (e.g. “doctor elderly person”, “immigrant blind person”). Note

we include both orders of the single groups in the paired groups when possible (e.g. “Catholic

teenager” and “teenage Catholic person”). We then conduct the analysis by computing the corre-

lation between groups’ list of trait scores with Kendall’s τ .
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Q1: Identity Order. Given an paired group with two identities, the language model may not

be able to capture both of the identities and may predict stereotypes based only on one of the

components. In fact, the average correlation score between a paired group and the most correlated

of its components is 0.56, which is moderately high. We thus calculate the correlation of trait

scores between the paired group and both its first and second component identities (when both

orders are possible). In addition, we calculate the correlation of paired groups with reversed

identity order (e.g. “Asian teenager” and “teenage Asian person”). The average correlation

score between a paired group and its first component is 0.43; the correlation score to its second

component is 0.46, which are quite close. Further, the average correlation score of intersectional

groups with reversed identity is 0.69, which is moderately high. Taken together, these results

indicate that (a) many paired groups have similar group-trait association scores with one of their

component identities alone; (b) the order does not matter significantly, but the language model

tends to focus slightly more on the second component. The implication of this is that we can

expect that the language model may be able to capture intersectional stereotypes.

Q2: Dominant Domains. Stryker [1980] suggests that people tend to identify themselves with

their race/ethnicity identity before other identities, though this is contested and, in some cases,

thought to be antithetical to the idea of intersectionality [e.g., Collins, 2002]. Prompted by this

debate, we ask if there is a hierarchy of the domains that language model picks up on for paired

groups. To answer this question, for each identity domain pair, we compute the average corre-

lation score between the paired groups with each of its two component identities, and take the

difference of the averaged correlation scores of the two domains. For each domain, we count the

domains it dominates (i.e. has score difference ≥ 0.1) and is dominated by.
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These results show that age and political stance are dominant domains, which is expected

as identities within these two domains have strong characteristics that may overwhelm domains

they are paired with. On the other end, race and nationality are, generally, dominated domains.

It is surprising that the race domain is majorly dominated, contrasting documented literature in

human behavior. The full results are shown in appendix Table C.5 as well as detailed scores

Table C.6.

Q3: Emergent Intersectional Stereotypes. Finally, we look into emergent stereotypes of

paired groups, with the goal of finding intersectional behavior in the language model. To de-

tect intersectional stereotypes, we need to operationalize the notion of the whole being greater

than its parts. For a fixed paired group g = (g1,g2) (e.g., “trans Democrats”), and a given

trait t (e.g., warm), we compute S(g,t)−max{S(g1,t), S(g2,t)}, where S is the score from

the language model, capturing whether this trait is more associated with the paired group than

the maximum of its association with the component identities. (We consider also the reverse,

where we look for scores much less than the min.) We might hope to find some well attested

intersectional identities from the literature, such as “Black women” have an attitude (low

communion) and “White men” are privileged (high agency) [Ghavami and Peplau, 2013].

The top 50 emergent group-trait associations according to our measure are listed in ap-

pendix Table C.7. We also see some good examples are: the language model scores “Hispanic

unemployed people” as more egotistic than people of the component identities, “Democrat

teenagers” as more altruistic, “male doctors” as more benevolent, etc. However, there

are also some unexpected patterns; for instance, almost all nationality identities combined with

“mechanic” are trustworthy and likeable, and almost all nationality identities combined
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with “autistic” are egotistic. Looking into the scores themselves, we find that both “me-

chanic” and “autistic” have low scores on the corresponding traits, and combining them with

nationalities raises to about average levels.

Aside from analyzing face validity—which is mixed—we compare the results of our model

to the traits that Ghavami and Peplau [2013] found when conducting human studies of race/gender

pairs. To do this, we categorize the traits from Ghavami and Peplau [2013] to the ABC dimen-

sions7 and compare with our full list of emergent group-trait associations. Taking their group-

trait matches as ground truth, our detection of traits for these race/gender intersectional groups

achieves a precision 0.83 and recall 0.65—better than random guessing (precision 0.72, recall

0.50) but far from perfect.

5.1.7 Discussion and Limitations

In this section, we measured language model (LM) stereotypes by adopting the ABC stereo-

type model from social psychology. Comparing to previous work on detecting LM stereotypes,

our approach is easy to extend to previously unconsidered groups, grounded in traits proven ef-

fective by social psychology, and exhaustively covering the space of possible stereotypes, at the

cost of being more abstract than in other NLP work. This yields a different set of trade-offs than

previous approaches to measuring stereotypes in LMs.

With the ABC model and data regarding human stereotypes from our human study, we

assessed LM stereotypes using three different association measurements, including SeT, a metric

we proposed. We showed that LM group-trait stereotypes in general have moderate correlation

7Ghavami and Peplau [2013] covers paired groups combined with race domain and binary genders. The traits
they raised span the agency and communion dimensions.
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with human judgements, and that SeT provides correlations that better align with human’s. Based

on these results, we extended our analysis to intersectional groups. We found that the LM may

be able to capture intersectional stereotypes but is not particularly good on identifying emergent

intersectional stereotypes. Our results also show that, in general, age and political stance are

dominant domains in language models, whereas race and nationality are dominated domains.

Limitation First, our results are likely affected by reporting bias and by a defaulting effect

where, when people annotate traits for “men”, they may actually have in their head “cis straight

white men”, because the defaults go unremarked. This goes both for the human scores (how does

a participant conceptualize “men”?) and language model scores (what do sentences containing

the word “man” assume given that most language models have been trained on likely exhibits

defaulting?).

Second, we only focus on assessing stereotypes within language models and not in any de-

ployed system. Though stereotypes from language models may impact the outputs of downstream

systems which are built upon these language models, it is not clear how exactly the stereotypes

transfer [Cao et al., 2022a]. Additionally, this study is limited to English and U.S. social stereo-

types.

Third, although we followed and built on best practices from social psychology in develop-

ing the human study, it nevertheless has some shortcomings. In particular, even after many itera-

tions on wording, it was difficult to phrase the survey questions to encourage people to reporting

their true impressions. There is tension between asking a participant what they think—which

risks a counfounding potential social desirability bias [Latkin et al., 2017] (people’s tendency to

respond in socially acceptable ways)—and asking what they think others think—which led to
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comments from a few participants that they felt unqualified to speak for others. Asking these

questions of participants and collecting the data also raises the possibility of inadvertantly rein-

forcing stereotypes.

Finally, aggregating human judgements into a single number by averaging (or any other

statistic) to compare to model predictions risks collapsing a significant amount of information

down to a single number. This number cannot distinguish between a weakly held but common

stereotype and a strongly held but rare one. Nor can it distinguish between traits where half of

annotators say 0 and the other half say 100, from traits where all annotators say 50. These average

judgments should be interpreted as not what any single person would say, but an average over

people. This limitation is exacerbated by the defaulting effect, where some people may imagine

a different prototype for a given group, and other people may imagine another.

5.2 Multilingual large language models leak human stereotypes across lan-

guage boundaries

Joint work with Anna Sotnikova1, Jieyu Zhao, Rachel Rudinger, Linda Zou, Hal Daumé III.

Under Submission

Given the approach to measure stereotypes, we extend our analysis to investigate the phe-

nomenon of stereotype leakage across languages in multilingual language models. As these mod-

els become more language-agnostic and are trained on texts from diverse languages and cultures,

there is a risk of harmful stereotypes from one culture being transferred to another. In this section,

1Equal contribution.
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we first define the term “stereotype leakage” and propose a framework for its measurement. With

this framework, we investigate how stereotypical associations leak across four languages: En-

glish, Russian, Chinese, and Hindi. Our findings show a noticeable leakage of positive, negative,

and non-polar associations across all languages.

5.2.1 Overview

Cultural stereotypes about social groups can be transmitted based on how these social

groups are represented, treated, and discussed within each culture [Martinez et al., 2021, Lamer

et al., 2022, Rhodes et al., 2012]. In a world of increasing cultural globalization, wherein people

are regularly exposed to products and ideas from outside their own cultures, people’s stereo-

types about groups can be impacted by this exposure. For instance, blackface is characterized

as one of America’s first cultural exports, as the performance of American minstrelsy shows in

different countries popularized racist depictions of Black Americans within those other cultures

[THELWELL, 2020].

Recently, the deployment of large language models has the potential to exacerbate the

issue. Large language models are becoming increasingly language-agnostic. For instance, models

like ChatGPT8 and mBART [Lin et al., 2022] can operate without being restricted to a specific

language, handling input and output in multiple languages simultaneously. This thus gives rising

opportunities for what we refer to as stereotype leakage, or the transmission of stereotypes from

one culture to another.

Stereotype leakage within large language models may export harmful stereotypes across

8https://openai.com/chatgpt
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cultures and reinforce Anglocentricism9. Previous works [e.g., Goldstein et al., 2023, Weidinger

et al., 2021] have highlighted the potential for language model outputs to change users’ per-

ceptions and behaviors. Stereotype leakage from large language models may further entrench

existing stereotypes among model users, as well as create new stereotypes that have transferred

from a different language. Therefore, in this section, we investigate the degree of stereotype

leakage within multilingual large language models (MLLMs) as a step toward understanding and

mitigating stereotype leakage for AI systems.

Large language models are currently the backbone of many natural language processing

(NLP) models. MLLMs are language models pre-trained with a large amount of data from mul-

tiple languages so that they can process NLP tasks in various languages as well as cross-lingual

tasks. Recent MLLMs, such as GPT models [Brown et al., 2020, OpenAI, 2023] designed for

standalone applications and models such as mBERT [Müller et al., 2020], XLM [Lample and

Conneau, 2019], mT5 [Xue et al., 2020], mBART [Lin et al., 2022], intended for use as back-

end tools, show satisfactory performance on NLP tasks across around 100 languages. One major

advantage of such models is that low-resource languages (languages with less training data) can

benefit from high-resource languages through shared vocabulary [Lample and Conneau, 2019]

and structural similarities (word-ordering or word-frequency) [K et al., 2020].

Large language models are trained on existing language data, and even monolingual lan-

guage models have been demonstrated to replicate stereotypical associations present in the train-

ing data. [Nadeem et al., 2020, Nangia et al., 2020, Cao et al., 2022b]. Thus, with the shared

knowledge between languages in MLLMs, it is likely that stereotypes may also leak between

9Anglocentrism is the practice of viewing and interpreting the world from an English-speaking perspective with
the prioritization of English culture, language, and values. Anglocentrism can lead to biases and neglect of global
perspectives and experiences.
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languages. Stereotypes are abstract and over-generalized pictures drawn about people based on

their group membership, and these perceptions can be specific to each culture. Though LLMs

are trained on language-based data rather than culture-based data, languages reflect the stereo-

types associated with the cultures they represent. Thus, for the purpose of studying stereotypes

in MLLMs, we divide the world according to languages, with the understanding that a single lan-

guage may reflect multiple cultures. Previously, many works have examined Western stereotypes

in English language models [e.g. Nadeem et al., 2020, Nangia et al., 2020, Cao et al., 2022b],

whereas limited works have attempted to assess stereotypes in multilingual language models [e.g.

Kaneko et al., 2022, Levy et al., 2023, Câmara et al., 2022] due to the complexity of stereotypes

manifested in various cultures, limited resources, and Anglocentric norms [Talat et al., 2022].

In this study, we aim to investigate the existence of stereotype leakage in MLLMs, which

we define as the effect of stereotypical word associations in MLLMs of one language impacted

by stereotypes from other languages. We conduct a human study to collect human stereotypes,

adopt word association measurement approaches from previous works [Cao et al., 2022b, Kurita

et al., 2019] to measure stereotypical associations in MLLMs and analyze the strength and nature

of stereotype leakage across different languages both quantitatively and qualitatively.

To test our hypothesis that there are significant stereotypes leaked across languages in

MLLMs, we sample four languages: English, Russian, Chinese, and Hindi. We pick languages

that come from the Indo-European and Sino-Tibetan language families, ranging from high (En-

glish) to low-resource (Hindi) languages10. We measure the degree of stereotype leakage between

the four languages in three MLLMs — mBERT, mT5, and GPT-3.511. Both mBERT and mT5

10High-resource languages are languages that have more training data available, while low-resource languages
have less.

11Both the code and the dataset, along with a datasheet [Gebru et al., 2018b], are available under a MIT licence
at: https://github.com/AnnaSou/Stereotype_Leakage.
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Figure 5.2: The figure shows results of human annotations in English (EN), Russian (RU), Chi-
nese (ZH), and Hindi (HI) languages based on ABC model for the social group “Asian people”.
It shows average scores across all annotators per language.
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are back-end MLLMs. MT5 has better multilingual performance than mBERT, whereas mBERT

has more comparable monolingual BERT models for the four languages. GPT-3.5 is one of the

state-of-the-art MLLMs that has been popularly deployed to users. With these, we examine the

impact of human stereotypes from different languages on stereotypical associations in MLLMs.

5.2.2 Measuring Stereotype Leakage in MLLMs

For each language, we aim to assess the degree of stereotype leakage from the other lan-

guages to this target language in MLLMs. Specifically, we measure the effect of human stereo-

types from all four languages (Hen, Hru, Hzh, Hhi) on the target language’s MLLM stereotypical

association (MLLMtgt), as shown in Equation 5.3. We also control the impact of the stereotyp-

ical association from the target monolingual model (LMtgt). However, since we can only find

monolingual BERT model for all four languages, we use these as LMtgt for all MLLMs. We

use a mixed-effect model to fit the formula and calculate the effect. If the coefficient of a vari-

able is positive and has a p-value of less than 0.05, then the variable has a significant effect on

MLLMtgt. If there are significant effects from the non-target language’s human stereotypes, then

there are potential stereotype leakages from this language to the target language.

MLLMtgt = αenHen + αruHru + αzhHzh + αhiHhi + βLMtgt + C (5.3)

In the following section, we discuss how we measured each of the variables.
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5.2.2.1 Stereotype Measurement

We measure stereotypes through group-trait associations as proposed in section 5.1. We

use 16 trait pairs (each pair represents two polarities) from the Agency Beliefs Communion

(ABC) model of stereotype content [Koch et al., 2020], as listed in Table 5.1. If a group (e.g.

“immigrant”, “Asian person”) has a high degree of association with a trait (e.g. religious,

confident), then we consider that trait a stereotype of the group. For example, Figure 5.2 is

the stereotype map of the group “Asian people” collected from our human study across the four

languages that we study.

For the groups, we pick 30 groups listed in Table 5.7: 10 shared groups with shared stereo-

types (groups that are present in all four countries and are expected to be targeted by similar

stereotypes), 8 shared groups with non-shared stereotypes (groups that are present in all four

countries but expected to be targeted by dissimilar stereotypes), and 12 not shared groups (groups

that exist uniquely in each country; three groups for each country). For shared groups, we man-

ually select groups from the list of social groups from Table 5.3. To collect not shared groups,

we conduct a survey among native speakers. For each language, we ask 6 native speakers to list

5− 10 social groups that they believe are unique to their culture. We then choose 3 social groups

per language based on the outcome of the majority vote.

In our human study, we further verify that each group matches the property of its category.

To illustrate, stereotypes of groups in the first category exhibit an average correlation score of 0.60

across languages. In contrast, groups in the second and third categories demonstrate progressively

lower correlation scores of 0.50 and 0.26, respectively.
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Category Groups

Shared/ Shared man, woman, gay, lesbian, single mother, housewife, software engineer,
wealthy person, poor person, disabled person

Shared/ Non-shared Asian person, Black person, Muslim person, immigrant, government offi-
cial, civil servant, feminist, veteran

Non-shared/ Non-shared USA: Texan, Mormon, Puerto Rican
Russia: VDV soldier, Muscovite, Chechenets
China: migrant worker, Hui person, Shanghainese person
India: Brahmin person, Gujarati person, Shudra person

Table 5.7: Categories and corresponding social groups were used for the model and human exper-
iments. “Shared/Shared” represents shared groups and shared stereotypes. “Shared/Non-shared”
represents shared groups and non-shared stereotypes. “Non-shared/Non-shared” represents non-
shared groups and non-shared stereotypes.

5.2.2.2 Human stereotypes

To collect human stereotypes, we conduct a human study on Prolific12 for each of the four

languages with native speakers of the respective languages who lived or still live in the United

States, Russia, China, and India13. In the survey, participants are first asked to mark at least 4

social groups that they feel they are familiar with. Then they are asked to rate the group-trait

associations of 4 social groups from their list of familiar groups. All surveys are in the respective

languages translated by native speakers. For shared/shared and shared/non-shared groups, we

collect at least 5 participants’ annotations per group per language. For non-shared groups with

non-shared stereotypes, we collect at least 5 annotations for the language they originate from,

with no minimum limit of annotations for other languages.

Human Study We follow the same approach as in subsection 5.1.5 to collect human stereo-

types. Participants first read the consent form, and if they agree to participate in the study, they

see the survey’s instructions. For each social group, participants read in their respective language,

12https://www.prolific.co/
13Approved by our institutional IRB, #1724519-3.

141

https://www.prolific.co/


“As viewed by American/Russian/Chinese/Indian society, (while my own opinions may differ),

how [e.g., powerless, dominant, poor] versus [e.g., powerful,

dominated, wealthy] are <group>?”.

Participant Demographics We collect participants’ demographic information including gen-

der, age, education level, and (for non-English speakers) information about how frequently they

read American social media. Participants can refrain from providing answers to any of these

questions.

After averaging the gender distribution across all languages: men 0.49, women 0.45, non-

binary/transgender/gender fluid 0.05, and the rest of the participants preferred not to answer.

Participants in the Russian survey were the ones who read American media most frequently:

0.44 read it regularly compared to 0.35 and 0.28 percent for Hindi and Chinese, respectively. On

average, 0.39 respondents read American media from time to time. Around 0.05 never read the

media.

All approved participants stated that they were fluent in the survey’s languages. Each par-

ticipant was paid $2.00 to rate five social groups on 16 pairs of traits, and on average, participants

spent about ten minutes on the survey. This resulted in a pay of $12.00 per hour.14

5.2.2.3 Model stereotypical associations

To measure stereotypical group-trait associations in large language models, we adopt dif-

ferent approaches for different MLLMs. For mT5, we use the increased log probability score

(ILPS) [Kurita et al., 2019], which computes the likelihood for the model to generate a trait given

14Maryland’s current minimum wage is $12.20 https://www.minimum-wage.org/maryland.
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a templated sentence about a group. For example, p(competent|“Asian people are .”) indi-

cates the correlation between competent and “Asian people”.

For mBERT, we use the sensitivity test (SeT) [Cao et al., 2022b], which is shown to have

better alignment with human stereotypes [Cao et al., 2022b]. It measures how much the model

weights would have to change in order to have the trait be the most likely generated words given

a templated sentence about a group. SeT captures the model’s confidence in predicting the trait

given the group.

In evaluating GPT-3.5, we analyze the model in a generative context, which is its desig-

nated use case. For each group, we measure its association with various traits through pairwise

comparisons. We prompt the model to generate a story about the group centered around one of the

traits from the trait pairs. We utilize the following prompt in English and request translations into

Russian, Chinese, and Hindi from native speakers to assess the model across different languages.

For each group and trait pair, we query the model ten times and compute the normalized probabil-

ity score for each trait. Subsequently, we average the trait scores from all trait pair comparisons

to establish the group-trait association score. Our experimentation employs the gpt-3.5-turbo-

0125 model. Notably, we observe a tendency in the GPT model to favor positive traits (e.g.,

powerful, trustworthy) over negative traits (e.g., powerless, untrustworthy).

To ensure equitable comparisons, we juxtapose positive traits with positive ones and negative

traits with negative ones.

prompt sys = “You are a writer.”

prompt = “You are writing about [GROUP]. Before writing, think about what theme

you want to pick. You can choose either ‘[TRAIT1]’ or ‘[TRAIT2]’ as your theme.
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You can also choose ‘neither’ if you think neither of these themes fits. Note that you

can choose only one theme. Output the exact name of the theme only, without any

punctuation.”

When processing the outputs of GPT-3.5, we employ an exact match criterion to assign scores

to traits. For traits comprising sub-tokens, we sum the log probabilities of the sub-tokens to

determine the trait’s score. In instances where outputs do not precisely match the traits in

the prompt, we have them manually processed by native speakers of the respective language.

Throughout this process, we consistently observe system failures or the generation of stereotyp-

ical outputs for marginalized groups. Notably, for certain groups like “feminist” and “Muslim

person” in Chinese, the model often disregards the prompt and simply outputs the group name.

Moreover, in some cases, the model alters the trait specified in the prompt. For example, it

changes dominating to dominated for “disabled person” in English or poor to wealthy

for “migrant worker” in Russian. Additionally, the model may overlook the traits provided in the

prompt and generate stereotypical traits instead. For instance, in Russian, it generates rape and

patriot for “Puerto Rican” or cowboy for “Texan”. These occurrences can potentially cause

both representational and quality of service harm to stakeholders of the model. While we do

not explicitly analyze these patterns, we believe it is imperative for future research to thoroughly

investigate them.

5.2.3 Stereotype Leakage and Its Effects

In this section, we present our quantitative and qualitative results of the assessment of

stereotype leakage across languages in MLLMs. We study the extent to which human stereotypes
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from the four languages are represented in the respective languages in MLLMs’ stereotypical

associations.

5.2.3.1 Quantitative Results

We compute the stereotype leakage across languages within three MLLMs based on Equa-

tion 5.3. The findings are presented in Figure 5.3, illustrating the extent to which stereotypical

associations in the target language model are influenced by human stereotypes present in the cul-

ture associated with the source language. For example, in Figure 5.3, we observe that within

GPT-3.5, stereotypical associations in the English language (target language) are influenced by

human stereotypes from two distinct source languages: Russian and Hindi. This observation

suggests the presence of stereotype leakages within the GPT-3.5 model.

In our analysis of mBERT, we observe significant leakages of stereotypes from Hindi to

English and Chinese with coefficients of 0.02 (p = 0.009) and 0.06 (p = 0.00), respectively.

We also observe English human stereotypes manifesting in mBERT Hindi with a coefficient of

0.02 (p = 0.048). Within the mT5 model, we find two significant stereotype leakages, both of

which are leakages targeting Hindi. Russian and Chinese human stereotypes manifest in mT5

Hindi with coefficients of 0.02 (p = 0.047) and 0.06 (p = 0.00), respectively. For GPT-3.5, we

observe the most significant stereotype leakages across languages, totaling seven. We see most

stereotypes leaking from English to all three other languages. The largest flows are from English

to Chinese and Hindi, with coefficients of 0.02 (p = 0.00). Overall, we observe that GPT-3.5

is the model most affected by human stereotypes, encompassing both stereotype leakages and

stereotypes originating from the target language itself.
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Moreover, among all languages, Hindi experiences the highest degree of stereotype leakage

— it has four cases of significant stereotype leakage from other languages across three MLLMs.

Since Hindi is the only low-resource language we tested, this might explain why it absorbs stereo-

types from other languages. Both Chinese and English languages have three leakages across the

models. The Chinese language has leakages from all three other languages, while the English

language has the most leakage from Hindi. The Russian language has two significant leakages

from English and Hindi.

Finally, we report the coefficients of effects from monolingual language models (LMtgt)

in Table 5.8. All the effects are statistically significant and are stronger than the effects from

human stereotypes. This is not surprising because monolingual language models and multilingual

language models share similar training data and model structures.

mBERT mT5 GPT-3.5

Fl
ow

In
te

ns
ity

Figure 5.3: The figures show the stereotype leakages for three models: mBERT, mT5, and GPT-
3.5 respectively. Each figure illustrates the flow from the human source language (the left column)
to the target language in a particular model (the right column). If no flow for a particular language
is presented, this means that no significant leakage is happening.

5.2.3.2 Qualitative Results

Moving forward, we delve into the specific stereotypical associations that leak from one

language to another, considering the potential implications of such strengthened associations.
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Monolingual BERT EN RU ZH HI
mBERT 0.33 0.29 0.17 0.08

mT5 0.10 0.45 0.14 0.14
GPT-3.5 0.07 0.05 0.05 0.06

Table 5.8: Mixed-effect coefficients of monolingual BERTs in the respective languages contribut-
ing to the same languages in multilingual language models. All of the effects are statistically
significant. Note that the coefficients are not comparable across multilingual language models as
the score ranges are different.

We focus on the GPT-3.5 model, in which we observe the most leakage from human stereo-

types. Within each source-target language pair, which has significant stereotype leakage accord-

ing to our results above, and for each group, we scrutinize the group’s most associated traits

from GPT-3.5 in the target language that are not deemed associated with the group according

to human stereotypes of the target language but align with human stereotypes of the source lan-

guage. Our analysis reveals two primary types of leakages: the amplification of both positive

and negative representations for certain languages. In other words, we observe the leakage of

negative stereotypes, alongside instances where certain groups acquire more positive representa-

tions. Additionally, we identify non-polar leakages, characterized by neither positive nor negative

representations.

Positive Leakage According to human annotation, “Asian people” are more positively per-

ceived in English language than in Russian. We observe the strengthening of such traits in GPT-

3.5 Russian language as wealthy, likable, and high status. Moreover, “housewives”

become more warm in English following leakages from Russian and Hindi. “Black people” are

more powerful, modern, confident, and wealthy in the English language following

leakage from Hindi. Another example of the leakage of positive perceptions is for “gay men” and

“lesbians” from English to other languages. Traits such as likable, confident, warm,
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dominant, sincere, and powerful become stronger in Russian, Chinese, and Hindi.

Negative Leakage On the other hand, there are negative stereotypes that leak across languages.

From “feminists”, we observe a leakage from English to Chinese and Hindi and from Russian

to Chinese of such stereotypical associations as egoistic, threatening, repellent,

and cold, while, for instance, in human survey in Hindi this group is perceived as warm. An-

other example is “immigrants”. From Russian and English languages, traits such as threatening,

repellent, dishonest, egoistic, and unconfident leak to Chinese and Hindi.

Based on human data, we found that people surveyed in Chinese view this group quite favor-

ably since the majority of immigrants to China are highly qualified professionals [Pieke, 2012].

In Russia, immigrants are mostly coming from poorer neighboring countries and are negatively

stereotyped in society, while in the U.S., immigrants are diverse and could be both marginalized

and more privileged. Moreover, there is a notable leakage from English to Chinese and Hindi

for “Black people” for traits dominated and poor. This aligns with known stereotypes about

African Americans and Africans in U.S. society [Miller-Cribbs and Farber, 2008, Galster, 1992,

BERESFORD, 1996].

Non-polar Leakage There are also non-polar leakages, which are neither positive nor negative.

From Hindi to English and Russian, we see the strengthening of religious for various groups

such as “women”, “disabled people”, “Black people”, and “Asian people”. It has been shown

that there are more than 70.00% believers of the total population in India as of 2011[Evans and

Sahgal, 2021].
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Non-shared Groups Leakage In the case of non-shared groups, we expected uni-directional

transferring of the groups’ perceptions from the language of origin to other languages. Our

findings confirm this hypothesis. For example, the group “VDV soldiers” is a widely known

military unit in Russia. There are strong stereotypes in Russian society about this group, but the

group is mostly unknown to Americans. Out of the 34 survey English survey respondents who

passed the quality tests, no one chose this group as a familiar one. This group’s representation

leaks from Russian to English, strengthening traits such as confident, traditional,

competitive, and threatening. Another example is “Hui people”, a group widely un-

known to Russian and Hindi society: out of 76 respondents for both surveys, no one chose this

group as the familiar one. This social group is a minority in China and is composed of Chinese-

speaking followers of Islam. Originally, “Hui people” are marginalized in China and viewed

as more traditional, religious, and conservative [Hillman, 2004, Hong, 2005]. Accordingly,

we observed the leakage of such traits as irrational, traditional, threatening,

repellent, religious, and egoistic. All groups specific to the Hindi language —

“Gujarati, Brahmin”, and “Shudra people” — have certain traits leaking to the English and Rus-

sian languages. For example, high caste groups (“Gujarati” and “Brahmin people”) strengthen

such positive traits as wealthy, likable, sincere, powerful, high status,

competitive, and confident. In addition, “Brahmin people” become more associated in

GPT-3.5 with traits poor, low status, powerless, traditional, religious,

and dominated. This leakage corresponds to the perception of these groups in Indian society

and by our survey respondents [Witzel, 1993, Milner, 1993].
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5.2.4 Discussion and Limitations

Multilingual large language models have the potential to spread stereotypes beyond the

societal context they emerge from, whether by generating new stereotypes, amplifying exist-

ing ones, or reinforcing prevailing social perceptions from dominant cultures. In this study, we

demonstrate that this concern is indeed valid. To do so, we establish a framework for measuring

the leakage of stereotypical associations in multilingual large language models across languages.

We are limited in our ability to run a causal analysis, because none of the studied languages can

be easily removed from the training data to see their genuine impact on stereotypical associations

in other languages. Retraining GPT-3.5, for instance, is not a feasible option. Nonetheless, if

our hypothesis holds, indicating that stereotype leakage is occurring, we would anticipate ob-

serving associations of stereotypes cross-lingually, and indeed, we do identify this association.

As a proxy for re-training the models without a particular language, we run an association on a

monolingual version of the model. We perform this experiment on both monolingual BERTs and

multilingual BERT to measure how well the monolingual BERT in a specific language can predict

the behavior of mBERT in the same language. We find stronger associations between stereotypes

in monolingual English and Russian models with mBERT in the same languages than for the

case of Chinese and Hindi languages. In addition, we find that there is interaction and exchange

between languages in multilingual large language models. The stereotype leakage occurs bidi-

rectionally. On the example of GPT-3.5, as the best-aligned with human judgment model, we

observe the strengthening of positive, negative, and non-polar associations in the model. In ad-

dition, our study underscores the role of “native” languages in framing social groups unknown

to other linguistic communities. Such leakage of stereotypes amplifies the complexity of societal
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perceptions by introducing a complex interconnected bias from different languages and cultures.

In the context of shared groups, stereotype leakage may manifest as the manifestation of stereo-

types that were not previously present within the cultural setting of a particular group. In the case

of non-shared groups, stereotype leakage can extend the reach of existing stereotypes from the

source culture to other cultural contexts.

To our knowledge, we are the first to introduce the concept of stereotype leakage across

languages in multilingual LLMs. We propose a framework for quantifying this leakage in multi-

lingual models, which can be easily applied to unstudied social groups. We show that multilingual

large language models could facilitate the transmission of biases across different cultures and lan-

guages. We demonstrate the existence of stereotype leakage within MLLMs, which are trained

on diverse linguistic datasets. As multilingual models begin to play an increasingly influential

role in AI applications and across societies, understanding their potential vulnerabilities and the

level of bias propagation across linguistic boundaries becomes important. As a result, we lay the

groundwork for advancing both the theoretical comprehension of multilingual models and the

practical implementation for bias mitigation in AI systems.

Limitations First, stereotypes were selected based on the ABC model, which was developed

and tested using U.S. and German stereotypes. We translated our surveys into the other languages

but this might result in patterns that better reflect Anglocentric stereotypes [Talat et al., 2022] than

other stereotypes. In our study, we try to control the influence of the U.S. culture by asking crowd

workers how frequently they read U.S. social media. We see that on average 39% of respondents

in Russia, China, and India read the media. This American cultural dominance might affect

the collected data as these data may not fully capture the range of stereotypes typical for these
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cultures. In addition, we have language-culture limitations as English language survey results

only apply to the U.S., Russian to Russia, Chinese to China, and Hindi to India. Lastly, while we

indirectly consider culture through survey results on associations, we do not measure or account

for culture in a comprehensive manner.

5.3 Conclusion

In this chapter, we have introduced a systematic approach for analyzing stereotypes in large

language models, which is both theory-grounded and easy to generalize to as yet unexamined so-

cial groups. This methodology enables us to explore stereotypes about a wide range of identities.

Expanding upon this framework, our study goes beyond the examination of stereotypes in the

English language and those specific to the U.S. culture. We look into cross-cultural stereotypes

within multilingual language models. Specifically, we proposed a framework to examine stereo-

type leakages across language boundaries in these models. Our findings, particularly within the

GPT-3.5 model, indicate the presence of such stereotype leakages. Given the widespread adop-

tion of GPT models, the leakage of stereotypes poses a potential risk of perpetuating harm across

language and cultural boundaries. Looking ahead, we hope the framework we have established

will lay a foundation for future research aimed at a deeper understanding of stereotypes within

language models as well as reducing any negative effects these stereotypes may have on all stake-

holders involved with each AI system.
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Chapter 6: Conclusion and Future Directions

In this thesis, I have investigated the crucial issue of aligning artificial intelligence systems

with the needs of users and the values of diverse stakeholders. Through a series of studies, I have

identified challenges and proposed approaches to bridge the gap between current AI technologies

and their meaningful application in real-world contexts.

First, I examined potential causes of misalignment in AI system development, focusing

on gender biases in natural language processing systems. By assessing each stage of the ma-

chine learning lifecycle, I demonstrated how biases can enter the system when developers fail to

carefully consider the system’s real-life stakeholders.

Next, I explored the alignment of AI systems with specific user groups in two application

contexts: content moderation assistance for volunteer moderators and visual question answering

for blind and visually impaired users. In both cases, I identified significant gaps between the AI

systems’ capabilities and the users’ needs. These findings provide valuable direction for future

work to improve the alignment of AI technologies with specialized user requirements.

Finally, I addressed the critical issue of aligning AI systems with human values, concen-

trating on the problem of stereotyping in large language models. I proposed a theory-grounded

method for systematically evaluating stereotypical associations, considering diverse user identi-

ties, intersectional stereotypes, and cross-cultural stereotype leakage. This approach contributes
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to the development of safe and inclusive AI systems that align with the values of all stakeholders.

Overall, the findings have demonstrated that AI systems with a “one-size-fits-all” approach

are inadequate in real-world scenarios. Coreference resolution systems, for instance, fail to ade-

quately represent a spectrum of gender identities due to their development based on oversimpli-

fied gender concepts. Similarly, visual question answering models, designed around challenge

datasets, fall short in addressing practical needs of blind and visually impaired users. Their

standard evaluation metrics do not accurately capture the diverse preferences of different users

either. In the realm of content moderation, current NLP models are not equipped to handle the

varied moderation rules required by moderators, nor can they cater to the specific performance

preferences of different moderators for various rules. Finally, large language models have been

found to perpetuate stereotypes across a range of identities and cultures. My study also revealed

that individuals from different backgrounds perceive stereotypes differently, posing a significant

challenge in developing systems that align with the values of all stakeholders. It’s clear that AI

systems must prioritize safety for all stakeholders. However, the definition of safety and the val-

ues an AI system aligns with should be tailored to the specific applications of each system and

the needs of its users.

These findings underscore the importance of adopting a human-centered approach in the

development of AI systems. In my thesis, I have demonstrated how the AI systems development

process can be improved by incorporating strategies from the field of Human-Computer Inter-

action (HCI). Firstly, involve more users in the development process and anchor it in specific

applications. In developing content moderation assistance systems, my study revealed that focus-

ing on specific applications can lead to innovative NLP task definitions, previously unconsidered.

Interaction with volunteer content moderators has also provided valuable insights into the practi-
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cal use of these systems, guiding improvements in current models and highlighting areas where

research efforts may not be necessary. In the development of VQA systems, my study highlighted

the benefits of basing models on real user data. This approach helps in identifying model issues

that genuinely impact user experience and can be barriers to the effective use of these systems.

Finally, as pointed out in the VQA example, the involvement of users is crucial in the evaluation

phase of AI systems. If the evaluation metrics are not well-aligned with user needs and prefer-

ences, they may not accurately represent the model’s performance. Such misalignment can also

lead to misguided directions in system development.

Moreover, my studies have highlighted the advantages of collaborating with experts from

fields outside of machine learning. For example, in the study of assessing stereotypes within large

language models, we integrated a stereotype model from the domain of social psychology. This

field has a long history of studying stereotypes, with extensive research into the development of

stereotype models. Building based on their models provided a critical dimension to our research,

allowing for a more nuanced and comprehensive exploration of stereotypes within large language

models. In addition to this, my other studies also benefitted greatly from collaboration with

domain-specific experts. Engaging with professionals who specialize in these particular areas

brought a fusion of diverse perspectives and expertise. Such collaborations led to innovations

that might have been unattainable within the silos of a single discipline.

Overall, the methodologies and insights presented in this work offer a foundation for future

research and development efforts aimed at aligning AI systems with the complexities of human

needs and values in diverse contexts.
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6.1 Future Directions

6.1.1 User-Centered Evaluation Metrics for Blind and Low Vision VQA Users

With the overarching aim of creating AI systems that resonate with the requirements of real-

life users, I intend to bridge the gaps identified in our research. As highlighted in section 4.2, our

findings indicate that current evaluation metrics for Visual Question Answering (VQA) systems

don’t accurately capture user preferences or the model’s actual performance. Therefore, my goal

is to develop a more effective evaluation metric grounded in user preferences. The key research

question is to determine if Blind and Visually Impaired (BVI) users have distinct needs for model-

generated responses in different contexts.

For instance, BVI users might need concise, factual answers during social events but prefer

more comprehensive responses when at home. To tackle this research challenge, my plan includes

conducting a diary study followed by a user study involving BVI participants. This approach will

help us gather in-depth insights into user preferences and frustrations across various scenarios.

The outcomes of this research are anticipated to lead to more accurate evaluation metrics and

contribute significantly to the development of VQA models. These models will be better equipped

to produce answers that cater specifically to the diverse needs of BVI users.

6.1.2 Challenges Faced by Users with Intersectional Identities in Large Pre-

trained Models

Existing works on fairness mostly focus on social groups with single identities. Similarly,

accessibility works often focus on users with disabilities without considering other demographic
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identities [Harrington et al., 2023]. However, as discussed in subsubsection 5.1.6.2, intersectional

experience is non-trivial and can be greater than the sum of their component identities [Combahee

River Collective, 1977]. Hence, I aim to explore and improve on emerging challenges faced by

individuals with demographic identities that intersect with disability when interacting with large

pre-trained models.

To mitigate biases and stereotyping, developers of publicly released large pre-trained mod-

els often implement restrictions, leading the models to refuse to speak about specific topics.

While well-intentioned, refusing to engage with sensitive subjects about marginalized groups

creates additional erasure harm — excluding these identities and perspectives. For example, even

when explicitly prompted, models like DALL-E sometimes refuse to generate figures of neurodi-

vergent people. This demonstrates the downside of quick-fix attempts to avoid stereotypes; they

can erase identities, running counter to goals of equitable treatment. As we consider fairness

in AI systems, we must balance mitigating stereotypes with avoiding further marginalization of

minority groups. This can be increasingly complicated with intersectional identities, with over-

lapping and sometimes contradictory stereotypes and assumptions made about them. While large

pre-trained models may be able to manage single identities, it remains unclear how well they can

hold through multiple overlapping identities. Hence, with the vision to mitigate stereotyping and

harm to stakeholders with intersectional identities with disability, my goal is first to understand

these intersections.

I plan to continue collaborating with social psychologists to gain better insights into inter-

sectional identities with disability. Implicitly, I will develop frameworks to assess the stereotypes

present in these models concerning intersectional identities, going beyond the union of their com-
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ponent identities. Explicitly, I plan to conduct user studies to understand how users with diverse

intersectional identities with disability interact with these large pre-trained models. From that, I

will curate evaluation datasets and develop evaluation paradigms to assess the models’ levels of

over-sensitivity or under-sensitivity regarding content about or from intersectional identities with

disability identities.

In addition, towards bias mitigation, I plan to explore the generalizability of the existing

mitigation approaches – extending from individual groups to intersectional groups. Based on my

work on stereotype measurement, I intend to explore the extent to which bias mitigation applied

to individual identities generalizes to intersectional groups and the scope of this generalization.
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Appendix A:

A.1 Annotation of ACL Anthology Papers

Below we list the complete set of annotations we did of the papers described in ??. For

each of the papers considered, we annotate the following items:

• Coref: Does the paper discuss coreference resolution?

• L.G: Does the paper deal with linguistic gender (grammatical gender or gendered pro-

nouns)?

• S.G: Does the paper deal with social gender?

• Eng: Does the paper study English?

• L̸=G: (If yes to L.G and S.G:) Does the paper distinguish linguistic from social gender?

• 0/1: (If yes to S.G:) Does the paper explicitly or implicitly assume that social gender is

binary?

• Imm: (If yes to S.G:) Does the paper explicitly or implicitly assume social gender is im-

mutable?

• Neo: (If yes to S.G and to English:) Does the paper explicitly consider uses of definite

singular “they” or neopronouns?

For each of these, we mark with [Y] if the answer is yes, [N] if the answer is no, and [-] if this

question is not applicable (ie it doesn’t pass the conditional checks).
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Sidner [1981] Y Y Y Y N - - -

Bainbridge [1985] Y Y N Y - - - -

Kameyama [1986] Y Y Y Y N Y Y N

Mellish [1988] N Y N Y - - - -

Danlos and Namer [1988] N Y N N - - - -

Yoshimoto [1988] N Y N N - - - -

Zock et al. [1988] N Y N N - - - -

Popowich [1989] N Y N Y - - - -

Mani et al. [1993] Y N Y Y - Y - -

Narayanan and Hashem [1993] N Y N N - - - -

Soloman and Wood [1994] N Y N Y - - - -

Quantz [1994] N Y N Y - - - -

Baker et al. [1994] - - - - - - - -

Genthial et al. [1994] N Y N N - - - -

Levinger et al. [1995] N Y N N - - - -

Holan et al. [1997] N Y N N - - - -

Dorna et al. [1998] N N N Y - - - -

Harabagiu and Maiorano [1999] Y Y Y Y N Y Y N

Avgustinova and Uszkoreit [2000] N Y N N - - - -

Channarukul et al. [2000] N Y N Y - - - -

Abuleil et al. [2002] N Y N N - - - -
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Cucerzan and Yarowsky [2003] N Y N N - - - -

Pakhomov et al. [2003] N N Y Y - - - -

Tadić and Fulgosi [2003] N Y N N - - - -

Debowski [2003] N Y N N - - - -

Navarretta [2004] Y Y Y N N Y Y -

Carl et al. [2004] Y Y Y N N Y Y -

Mota et al. [2004] N Y N Y - - - -

Eisner and Karakos [2005] N Y N Y - - - -

Boulis and Ostendorf [2005] N N Y Y - Y Y N

Smith et al. [2005] N Y N N - - - -

Bergsma and Lin [2006] Y Y Y Y N Y Y N

Vogt and André [2006] N N Y N - Y Y -

Quirk and Corston-Oliver [2006] N Y N Y - - - -

Dada [2007] N Y N N - - - -

Streiter et al. [2007] N N Y N - - - -

Jing et al. [2007] Y Y Y Y N Y - N

Badr et al. [2008] N Y N N - - - -

Marchal et al. [2008] N Y N N - - - -

van Peursen [2009] N Y N N - - - -

Badr et al. [2009] N Y N N - - - -

Garera and Yarowsky [2009] N Y Y Y N Y Y N
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Bergsma et al. [2009] Y Y Y Y N Y Y N

Nastase and Popescu [2009] N Y N N - - - -

Nanba et al. [2009] N N N Y - - - -

Robaldo and Di Carlo [2009] N N N Y - - - -

Mukherjee and Liu [2010] N N Y Y - Y Y -

Ng [2010] Y Y Y Y N Y Y N

Burkhardt et al. [2010] N N Y N - Y Y -

Marton et al. [2010] N Y N N - - - -

Le Nagard and Koehn [2010] Y Y Y Y N Y Y N

Rojas-Barahona et al. [2011] N Y N N - - - -

Mukund et al. [2011] N Y N N - - - -

Sarawgi et al. [2011] N N Y Y - Y Y N

Li et al. [2011] Y Y Y Y N Y Y N

Burger et al. [2011] N N Y Y - Y Y N

Mohammad and Yang [2011] N N Y Y - Y Y N

Sapena et al. [2011] Y Y Y Y N Y Y N

Charton and Gagnon [2011] Y Y Y Y N Y Y N

Alkuhlani and Habash [2011] N Y N N - - - -

Mareček et al. [2011] N Y N N - - - -

López-Ludeña et al. [2011] N Y N N - - - -

Declerck et al. [2012] Y Y N Y - - - -
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Bergsma et al. [2012] N N Y Y - Y Y N

Alkuhlani and Habash [2012] N Y N N - - - -

Filippova [2012] N N Y Y - Y - -

Dinu et al. [2012] N Y N N - - - -

El Kholy and Habash [2012] N Y N N - - - -

Yu [2012] N N N N - - - -

Guillou [2012] Y Y Y Y Y Y - -

Vogel and Jurafsky [2012] N N Y Y - Y Y N

Goldberg and Elhadad [2013] N Y N N - - - -

Marton et al. [2013] N Y N N - - - -

Weller et al. [2013] N Y N Y - - - -

Ciot et al. [2013] N N Y N - Y Y -

Volkova et al. [2013] N N Y Y - Y Y N

Levitan [2013] N N Y Y - N N N

Bojar et al. [2013] N Y N N - - - -

Glavaš et al. [2013] N Y N N - - - -

Liu et al. [2013] N N N N - - - -

Kestemont [2014] N N N Y - - - -

Novák and Žabokrtský [2014] Y Y N Y - - - -

Babych et al. [2014] N Y N N - - - -

Soler-Company and Wanner [2014] N N Y Y - Y Y N
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Chen and Ng [2014] Y Y Y Y N Y Y N

Sap et al. [2014] N N Y Y - Y Y -

Nguyen et al. [2014a] N N Y Y - Y Y N

Prabhakaran et al. [2014] N N Y Y - Y Y N

Sidorov et al. [2014] N N Y Y - Y Y N

Darwish et al. [2014] N Y N N - - - -

Ahmed Khan [2014] N Y N N - - - -

Nguyen et al. [2014b] N N Y N - Y Y -

Stewart [2014] N N Y Y - Y Y -

Matthews et al. [2014] N Y N N - - - -

Vaidya et al. [2014] N Y N N - - - -

Kokkinakis et al. [2015] N Y Y N N Y - -

Johannsen et al. [2015] N N Y Y - Y Y -

Schwartz et al. [2015] N N N Y - - - -

Hovy [2015] N N Y Y - Y Y N

Agarwal et al. [2015] N Y Y Y N Y Y N

Preoţiuc-Pietro et al. [2015] N N Y Y N Y Y -

Ramakrishna et al. [2015] N Y Y Y N Y Y N

Taniguchi et al. [2015] N N Y Y - N Y N

Schofield and Mehr [2016] N N Y Y - Y Y N

Levitan et al. [2016] N N Y Y - Y Y N
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Flekova et al. [2016] N N Y Y - Y Y N

Tran and Ostendorf [2016] N N N Y - - - -

Qian et al. [2016] N Y N Y - - - -

Li et al. [2016] N N Y Y - Y Y N

Zhang et al. [2016] N N Y Y - Y Y N

Garimella and Mihalcea [2016] N N Y Y - Y Y N

Reddy and Knight [2016] N N Y Y - Y Y N

Li and Dickinson [2017] N N Y N - Y Y -

Pérez Estruch et al. [2017] N N Y Y - Y Y N

Pérez-Rosas et al. [2017] N N Y Y - Y Y N

Rabinovich et al. [2017] N N Y N - Y Y -

Costa-jussà [2017] N Y N N - - - -

Sap et al. [2017] N N Y Y - Y - -

Zhao et al. [2017] N N Y Y - Y Y N

Mandravickaitė and Krilavičius [2017] N N Y Y - Y Y N

Verhoeven et al. [2017] N N Y Y - Y Y N

Larson [2017b] N Y Y Y Y N N Y

Koolen and van Cranenburgh [2017] N N Y N - N Y -

Tatman [2017] N N Y Y - Y Y N

Soler-Company and Wanner [2017] N N Y Y - Y Y N

Ljubešić et al. [2017] N N Y N - Y Y -
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Litvinova et al. [2017] N N Y N - Y Y -

Mohammad et al. [2018] N N Y Y - Y - -

Wang and Jurgens [2018] N Y Y Y Y N N N

Kraus et al. [2018] N N Y Y - Y - -

Martinc and Pollak [2018] N N Y Y - Y Y N

Chan and Fyshe [2018] N N Y Y - Y Y N

Durmus and Cardie [2018] N N N Y - - - -

Zaghouani and Charfi [2018] N Y Y N N Y Y -

Plank [2018] N N Y Y - Y Y N

Wood-Doughty et al. [2018] N N Y Y - Y Y N

Moorthy et al. [2018] N N Y Y - Y - -

Levitan et al. [2018] N N Y Y - Y Y N

Webster et al. [2018] Y Y Y Y N Y Y N

Park et al. [2018] N Y Y Y N Y Y N

Vanmassenhove et al. [2018] N Y Y N N Y Y -

Kleinberg et al. [2018] N N Y Y - Y Y N

Zhao et al. [2018b] N N Y Y - Y Y N

Balusu et al. [2018] N N N Y - - - -

Rudinger et al. [2018] Y Y Y Y N N - Y

Zhao et al. [2018a] Y Y Y Y N Y Y N

Kiritchenko and Mohammad [2018] - - - - - - - -
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Citation Coref L.G S.G Eng L̸=S 0/1 Imm Neo

Barbieri and Camacho-Collados [2018] N N Y Y - Y N -

van der Goot et al. [2018] N N Y N - Y Y -

Karlekar et al. [2018] N N Y Y - Y Y N

de Gibert et al. [2018] N N N Y - - - -

Mickus et al. [2019] N Y N N - - - -
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A.2 Example GICoref Document from Wikipedia: Dana Zzyym

[[Source: https://en.wikipedia.org/wiki/Dana_Zzyym]]

Dana Alix ZzyymA is an Intersex activist and former sailor who was the first military veteran in the

United States to seek a non - binary gender U.S. passport , in a lawsuit ZzyymA v. PompeoC .

Early life

ZzyymA has expressed that theirA childhood as a military brat made it out of the question for themA

to be associated with the queer community as a youth due to the prevalence of homophobia in the armed

forces . TheirA parentsB hid ZzyymA ’s status as intersex from themA and ZzyymA discovered theirA

identity and the surgeries theirA parentsB had approved for themA by themselvesB after theirA Navy

service . In 1978 , ZzyymA joined the Navy as a machinist ’s mate .

Activism

ZzyymA has been an avid supporter of the Intersex Campaign for Equality .

Legal case

ZzyymA is the first veteran to seek a non - binary gender U.S. passport . In light of the State

Department ’s continuing refusal to recognize an appropriate gender marker , on June 27 , 2017 a federal

court granted Lambda Legal ’s motion to reopen the case . On September 19 , 2018 , the United States

District Court for the District of Colorado enjoined the U.S. Department of State from relying upon its

binary - only gender marker policy to withhold the requested passport .
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A.3 Example GICoref Document from AO3: Scar Tissue

[[Source: https://archiveofourown.org/works/14476524]]

[[Author: cornheck]]

Despite dreading theirA first true series of final exams , CronaA ’s relieved to have a particularly

absorbative memory , lucky to recall all the material theyA ’d been required to catch up on . Half a

semester of attendance , a whole year of course content .

The only true moment of discomfort came when theyA ’d arrived at the essay portion . Thankful

it was easy enough to answer , however , theirA subtle eye - roll stemmed entirely from just how much

writing it asked of themA , hands already beginning to ache at the thought of scrawling out two pages on

the origins , history , and importance of partnered and grouped soul resonance .

By the end of it all , theirA neck , wrist , back , and ribs ached from the strain of theirA typical ,

hunched posture – a habit theyA defaulted to , and Miss MarieB silently wished theyA ’d be more mindful

of . It was a relief , at least to themA , not to be the last one out of the lecture hall . Booklet turned in

, theyA left the room as quietly as possible and lingered just outside , an air of hesitance settling upon

themA as theyA considered what to do now that , it seemed , everything was over with . No more class ,

no more lessons , just ... students on break from their studies for the season .

“ Kind of a breeze , was n’t it ? ” EvansC ’ voice echoes in the arched hall and CronaA ’s shoulders

jump , theirA frame still a tense and anxious mess .

“ Oh , ” theyA sigh , “ IA ... IA suppose so . It was n’t ... necessarily hard . ” CronaA answers ,

putting forth a vaguely forced smile .

Smiling with the assumed purpose of making SoulC comfortable with the interaction . A defense

mechanism .

“ IA - IA guess , for a final , it was easier than IA expected ... everyone ... made it sound like it ’d be

difficult . ”
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“ If by everyone , youA mean Black StarD , then yeah , ” SoulC chuckles , “ heD does n’t really do

well on ‘ em ... bad test - taker . ”

“ Ah , ” theirA facade falls just in time to be replaced by a much more genuine grin .

Of the little theyA ’d spent talking to Black StarD , heD certainly had confidence and skill enough to

make up for the lost exam points given hisD performance in every other grading category .

“ That ... makes sense . ”

“ MakaE ’s always the first one done when it comes to this stuff , sheE practically studies in herE

sleep . IC ’m convinced sheE must be practicing clairvoyance the way sheE burns through essay ques-

tions , ” SoulC laughs , turning to the meek teenA who gives himC a simple nod in response .

Determined not to let an impending awkward silence fall between themF , SoulC pipes up again , “

So , are youA staying here for break ? ”

“ Ye - well , IA ... IA think so , ” theyA begin , stuttering , but encouraged to continue by a cock of

SoulC ’s head ; a social cue even theyA could read , “ The professorH ... and Miss MarieB G asked if IA ’d

like to come and stay with themG for the time being . ”

“ Oh , huh , SteinH and MarieB G ? Nice , ” hisC brows lift , clearly some varying degree of happy

for the otherA .

The optimism is short - lived , observing as CronaA ’s expression falls back to its characteristic

expressionless gaze .

“ It seems like youA ’ve got a good thing going with those twoG . ”

“ IA have n’t decided , yet , if IA should accept the invitation , ” theyA shift a bit where theyA stand .

Never having been the best at reassuring others , even hisC own meisterA , SoulC kept hisC mouth

shut to avoid stuttering while heC searched for the right words a web of thoughts .

“ Y ’A know , IC think it ’s less of an invitation and more of an extended welcome . ”

The otherA raises theirA head , taken aback , “ Oh , ” CronaA mutters , in a poignant tone , “ IA ...

never considered something like that . ”

SoulC does n’t leave much wiggle room for theirA mood to fall any further ( nothing past a flat -

lipped frown ) , “ TheyG ’d probably love to have youA , IC bet theyG drive each other nuts sometimes all
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by themselvesG . ”

Though EvansC wo n’t admit it , heC knows it ’s all too likely SteinH might actually put some more

effort into taking care of himselfH if heH had someone else besides MarieB to look after .

“ IA - IA see , ” theyA exhale with a nod , giving SoulC a hint of affirmation that heC ’d done

something to boost the kidA ’s confidence .

“ IC mean , it ’s got ta be lonely not to mention boring hanging here all summer ... and the weather

, ” SoulC nearly gasps , dramatizing it for added effect , “ Oh , man , IC do n’t know how youA can stay

cooped up in that room of yoursA when it ’s so nice out , ” heC grins .

“ But ... meh . Different strokes . IC ca n’t judge . ”

HisC comments comfort themA , an for a moment theyA forget how this came to be . The cathedral

in Italy , Lady Medusa I ’s wrath , and the black blood that infected himC . Every moment theyA spent in

the presence of Soul EvansC builds always up to this ; fixation on the memories of theirJ first encounters

and all the pain theyA ’ve caused himC , the pain theyA ’ve caused heC and MakaE K both . As quickly as

SoulC had lifted the swordsmanA ’s spirits , theyA ’d weighed themselvesA down once more . It seemed

so normal , though . SoulC could n’t bring himselfC to feel any sense of accomplishment in the coaxing

- out of CronaA ’s smile when the return of theirA self doubt was as certain as the sun in the sky . HisC

own stubbornness could n’t let hisC diminished self worth lie . With another encouraging smile , rows of

sharpened incisors appearing oddly charismatic , heC opens hisC mouth to speak – but finds himselfC

cut off before heC can even squeeze a word in .

“ SoulC , IA ’m sorry , ” the meisterA blurts .

Having been pent - up for months , the apology comes forth without inhibition , rolling effortlessly

off theirA tongue .

“ Sorry ... ? For what ? ” EvansC quirks a brow , chuckling .

HeC adjusts hisC stance to face CronaA with the whole of hisC body , maintaining hisC positive

demeanor .

“ F - for what ... ? ”

TheyA stammer , shaking theirA head . For all theirA remorse , theyA thought this would have been
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obvious .

“ For everything , it ’s ... the first time weF dueled , IA was the enemy ! IA - IA almost killed youC ,

IA - IA ... IA really , really hurt youC , ” theyA answer , still so sick with guild that even theirA confession

of responsibility is tainted with frustration .

SoulC seems stunned for a moment before harnessing hisC quick wit .

“ Hey , now , youA ca n’t take all the credit like that , RagnarokL did most of the damage , ” heC . . .
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Appendix B:

B.1 LLMs Performances under Zero-shot and Few-shot Settings

Figure B.1: Model performance on detecting violations of moderation rules with GPT-4 model
under few-shot setting (top) and zero-shot setting (bottom). The x-axis is the moderation rules.
Each bar pair is the precision (left) and recall (right) scores on the specific rule.
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Figure B.2: Model performance on detecting violations of moderation rules with Llama-2 model
under few-shot setting (top) and zero-shot setting (bottom). The x-axis is the moderation rules.
Each bar pair is the precision (left) and recall (right) scores on the specific rule.

B.2 User Survey
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Figure B.3: The evaluation survey question for the rule Sources. The question content is
similar for all the rules.
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Figure B.4: The clustering survey question for recall importance. The same question is asked for
precision importance.
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Categories of Rules AskHistorian Atheism Movies
Advertising & Com-
mercialization

No Spam & Self-promotion
- Same Source Posts

Consequences/ Mod-
eration/ Enforcement

Content/Behavior

Homework; No "what if"
questions Basic facts Depth;
No speculation; Jokes and
humor

Proselytizing

No Antagonism/ Flame-
wars/ Attention Whoring -
No Racial/ Sexist/ Dogwhis-
teling/ Homophobic Slurs;
No Extraneous Comic Book
Movie Submission"

Copyright No plagiarism
Doxxing/Personal
Info

Privacy; No personal anec-
dotes Personal Attacks or Flaming

Format
No partial answers or
"placeholders"; Do not just
post links or quotations

No Ambiguous/ Misleading/
Inaccurate Information or
Clickbait in The Submission
Title

Harassment Civility Harassment or Bigotry

No Antagonism/ Flame-
wars/ Attention Whoring -
No Racial/ Sexist/ Dogwhis-
teling/ Homophobic Slurs

Hate Speech Civility

No Antagonism/ Flame-
wars/ Attention Whoring -
No Racial/ Sexist/ Dogwhis-
teling/ Homophobic Slurs

Images
Links & Outside
Content Sources Prohibited Popular Websites

Low-Quality Content Scope; Clutter Low-Effort Posts
NSFW NSFW/Sensitive content

Off-topic Digression Off Topic No Extraneous Comic Book
Movie Submission

Personal Army Brigading No Subreddit Brigading

Personality Civility Personal Attacks or Flaming

No Antagonism/ Flame-
wars/ Attention Whoring -
No Racial/ Sexist/ Dogwhis-
teling/ Homophobic Slurs

Politics
No political agendas or
moralising; No "Soapbox-
ing" or loaded questions

Prescriptive
Reddiquette

Reposting No Repost or Discussion
Threads of New Releases

Restrictive

Spam Spam No Spam & Self-promotion
- Same Source Posts

Spoilers
No Repost or Discussion
Threads of New Releases;
No Spoilers

Trolling No Trolling

No Ambiguous/ Misleading/
Inaccurate Information or
Clickbait in The Submission
Title

Voting "Poll-type" question

Others Current event; Illegal arti-
facts

Don’t complain about the
use of AAVE or slang No Encouraging Piracy

Table B.1: Subreddit rules from AskHistorian, Atheism, and Movies subreddits and their cross-
referencing with categories of rule summarized by Fiesler et al. [2018]. Rules within one category
are separated by semicolons. Categories crossed out are rules that are not text-relevant or not
about rule content.
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Rule Rule Description
Civility All users are expected to behave with courtesy and politeness at all times. We will

not tolerate racism, sexism, or any other forms of bigotry. This includes Holocaust
denialism. Nor will we accept personal insults of any kind, and do not allow minor
nitpicking of grammar or spelling.

Scope Submissions must be about a question about the human past, a META post about
the state of the subreddit, or an AMA ("Ask Me Anything") with a historical expert
or panel of experts.

No Current events To discourage off-topic discussions of current events, questions, answers, and all
other comments must be confined to events that happened 20 years ago or more,
inclusively (e.g., 2003 and older).

Homework Our users aren’t here to do your homework for you, but they might be willing to
help. Don’t just give us your essay/assignment topic and ask us for ideas.

NSFW/Sensitive content Questions with NSFW titles will be deleted, and we will ask you to repost it with
a different title.

No "Poll"-type questions "Poll"-type questions aren’t appropriate here: "Who was the most influential per-
son in history?" or "Who was the worst general in your period?" or "Who are your
Top 10 favorite people in history?" If your question includes the words "most" or
"least", or "best" or "worst" (or can be reworded to include these words), it’s prob-
ably a "poll"-type question.

No "Soapboxing" or Loaded
Questions

All questions must allow a back-and-forth dialogue based on the desire to gain
further information and not be predicated on a false and loaded premise in order
to push an agenda. Example: Good Question: "People say that Nixon is the worst
President of all time. Why is this so?" Bad Question: "Nixon was the worst Pres-
ident of all time. Why isn’t Obama considered the worst?" The bad question is a
fishing expedition to try to start a debate about Obama’s presidency. Most of these
questions will break our 20-year rule, or try to set up a debate about an issue using
a long wall of text in the main post.

No "What If" Questions Questions should be about what did happen, not what could have happened.
Privacy We do not allow questions that pose possible privacy issues for living or recently

deceased persons who are not in the public eye. The cut-off for "recent" is 100
years.

Illegal artifacts It is our policy to disallow posts asking for further information on artifacts where
there is a likelihood that the acquisition or possession of the item might be illegal,
unethical, and/or run contrary to sound, historical practices.

Basic Facts Questions looking for specific, basic facts - for the purpose of this rule, seeking a
name, a date or time, a number, a location, the origin of a word, the first or last
known instance/example of an object/phenomenon/etc., or a simple list of exam-
ples or facts - are not allowed as standalone threads.

Depth An in-depth answer provides the necessary context and complexity that the given
topic calls for, going beyond a simple cursory overview. Your answer should be
giving context to the events being discussed, not simply listing some related facts.

Sources We do not require sources to be preemptively listed in an answer here, but do ex-
pect that respondents be familiar with relevant and reliable literature on the topic,
and that answers reflect current academic understanding or debates on the subject
at hand. But sole reliance on tertiary sources for context and analysis is not al-
lowed, and will result in the removal of a response.

No personal anecdotes Personal anecdotes are not acceptable answers in this subreddit.
No speculation Suppositions and personal opinions are not a suitable basis for an answer here.

Warning phrases for speculation include: "I guess..." or "My guess is...", "I be-
lieve...", "I think...", "... to my understanding", "It makes sense to me that...", "It’s
only common sense."

No partial answers or
"placeholders"

An answer should be full and complete in and of itself.

No political agendas or mor-
alizing

This subreddit is a place for learning and open-minded discussion. As such, an-
swers should not be written in the interests of advancing a personal agenda, but
should represent a sincere effort to make an argument from the historical record.
They should be constructed in keeping with the principles of the historical method
- that is to say, your evidence should not be chosen selectively to support an argu-
ment that you feel is right; your argument should instead demonstrably flow from
your critical engagement with an appropriate range of evidence.

Do not just post links or quo-
tations

Do not just post links to other sites as an answer. This is not helpful. The expec-
tation is that a user is posting to this subreddit because they are looking for the
type of answer dictated by the rules in place here. Please take some time to put the
links in context for the person asking the question. Avoid only recommending a
source – whether that’s another site, a book, or large slabs of copy-pasted text. If
you want to recommend a source, please provide at least a small summary of what
the source says.

No plagiarism We have a zero-tolerance policy on blatant plagiarism, such as directly copying
and pasting another person’s words and trying to pass them off as your own.

Jokes and humor A post should not consist only of a joke, a humorous remark, or a flippant com-
ment. You can certainly include humor as part of a full and comprehensive post,
but your post should not be made solely for the purpose of being funny.

Digression All comments should be related to the topic as outlined in the original post.
Clutter Please refrain from commenting for the sake of commenting. This includes, but

is not limited to, statements about how interesting the question is, how you would
like to see an answer, to "remember to come back later," to share a story that the
question reminds you of, and so on.

Table B.2: AskHistorian Rules and Rule Descriptions
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Rules Keywords Annotated
model

RULE-
BASED? TOXIC? MATCH? PURPOSE? GAP?

No Trolling trolling;
provocative

TRAC2020
_IBEN_A_
bert-base-
multilingual-
uncased

No Yes Yes

Personal
Attacks or
Flaming

doxxing; cy-
berbullying

TRAC2020
_IBEN_A_
bert-base-
multilingual-
uncased

No Yes Yes

Off Topic topic classi-
fier

tweet-topic-
21-multi No No

Yes,
but
with
changes

Twitter topic
classification

Need to be finetuned
on this topic

Image not
submitted
correctly

Spam spam

bert-tiny-
finetuned-
sms-spam-
detection

No No

Yes,
but
with
changes

Detect mes-
sage spam

1. Need to be
adapted to reddit
texts rather than mes-
sage texts. 2. Need
to be adapted to de-
tect self-promotion
of some youtube
account/website etc.

Low-Effort
Posts

low effort;
low quality NA No No No

Proselytizing proselytizing;
Soapbox NA No No No

Harassment
or Bigotry

harassment;
bigotry

Text-
Moderation No Yes

Yes,
but
with
changes

any and all curse
words are permitted

Brigading brigading NA - Toxicity No Yes

Yes,
but
with
changes

These models may be
able to detect some
of the brigading com-
ments, but there is
no specific model for
brigading and some
brigading encourag-
ing comments may
not be caught by the
toxicity models

Table B.3: Model review for the Atheism subreddit. The second and third columns are the
keywords used for model searching and the best-matching model from hugging face. The rest
columns are annotation results. Crossed-out rules are rules not related to text input.
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Rules Keywords Annotated
model

RULE-
BASED? TOXIC? MATCH? PURPOSE? GAP?

Do Familiar-
ize Yourself
With Our
Rules
Incivility - No
Antagonism/
Flamewars/
Attention
Whoring -
No Racial/
Sexist/ Dog-
whistling/
Homophobic
Slurs

offensive;
hatespeech

Text-
Moderation No Yes

Yes,
but
with
changes

Yes

Quoting something
offensive from a
movie is okay but
needs to be put in
quotation marks.

No Spam
& Self-
promotion -
Same Source
Posts

spam

bert-tiny-
finetuned-
sms-spam-
detection

No No

Yes,
but
with
changes

No

Detect message
spam - 1. Need to
be adapted to Reddit
texts rather than mes-
sage texts. 2. Need
to be adapted to de-
tect self-promotion
of some YouTube
account/website etc.

No Image
Posts &
Memes
No Am-
biguous/
Misleading/
Inaccurate
Information
or Clickbait
in The Sub-
mission Title
- misinforma-
tion

misinformation

TwHIN-
BERT-
Misinformation-
Classifier

No No

Yes,
but
with
changes

No

Detect misinfor-
mation for Twitter
posts - 1. Need to be
adapted to title-like
texts. 2. Need to be
adapted to a movie-
related context

No Am-
biguous/
Misleading/
Inaccurate
Information
or Clickbait
in The Sub-
mission Title
- Clickbait

clickbait distilroberta-
clickbait No No Yes Yes

No Extrane-
ous Comic
Book Movie
Submission

misinformation

TwHIN-
BERT-
Misinformation-
Classifier

No No

Yes,
but
with
changes

No

Detect misinforma-
tion for Twitter posts
- Need to be adapted
to a movie-related
context

No Repost rule-based Yes No
No Discus-
sion Threads
of New Re-
leases

rule-based Yes No

No Spoilers spoiler
roberta-base-
finetuned-
imdb-spoilers

No No Yes Yes

No Encourag-
ing Piracy piracy Classification No No

Yes,
but
with
changes

No

Detect if a website
is a piracy website
- Need to detect not
only piracy website
but also comments
that encourage piracy

No Subreddit
Brigading brigading NA - Toxicity No Yes

Yes,
but
with
changes

No

These models may be
able to detect some
of the brigading com-
ments, but there is
no specific model for
brigading and some
brigading encourag-
ing comments may
not be caught by the
toxicity models

Prohibited
Popular Web-
sites

rule-based Yes No

Table B.4: Model review for the Movies subreddit. The second and third columns are the key-
words used for model searching and the best-matching model from hugging face. The rest
columns are annotation results. Crossed-out rules are rules not related to text input.
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Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

Civility
toxicity; hate-

speech

Text-

Moderation
No Yes Yes

The model may not

be able to catch

Holocaust denialism,

which is vital in this

case.

Current event

time/year

prediction for

event; history

event; event

extractor

GoLLIE-7B No No

Yes,

but

with

changes

Information

extraction

1. The model needs

to be adapted to

question-contexts

and extract event

names from the

question. 2. Then by

matching the event

name with Wikipedia

page, we may get the

year or time of the

event.

Homework homework NA No No No

Scope
topic classi-

fier

tweet-topic-

21-multi
No No

Yes,

but

with

changes

Twitter topic

classification

Need to be fine-tuned

to this topic.

NSFW/Sensitive

content

NSFW;

sexual

NSFW_text

_classifier
No No Yes
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Table B.5 – Continued from previous page

Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

"Poll-type"

question
poll NA No No No

"Soapboxing"

or loaded

questions

soapboxing;

agenda push-

ing

NA No No No

No "what if"

questions

hypothetical;

counter-

factual;

alternative

history

NA No No No
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Table B.5 – Continued from previous page

Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

Privacy
PII; personal

private

lgpd_pii_

identifier
No No

Yes,

but

with

changes

Identify sen-

sitive data in

the scope of

LGPD. The

goal is to

have a tool to

identify docu-

ment numbers

like CNPJ,

CPF, people’s

names, and

other kinds

of sensitive

data, allowing

companies

to find and

anonymize

data accord-

ing to their

business

needs, and

governance

rules.

Need to be adapted

to the sensitive data

here
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Table B.5 – Continued from previous page

Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

Illegal arti-

facts
illegal; safety

beaver-dam-

7b
No No Yes

Basic facts
basic facts;

factoid
nf-cats No No Yes

Depth depth NA No No No

Sources
reliable

source
NA No No No

No personal

anecdotes

personal

anecdote

muppet-

roberta-base-

joke_detector

No No

Yes,

but

with

changes

Detect jokes,

stories, and

anecdotes

The model is trained

with 2000 jokes.

Here the detection

target is not about

jokes. In addition,

here the need is

focusing on personal

anecdotes.
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Table B.5 – Continued from previous page

Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

No specula-

tion

speculation;

factual;

fact-check

verdict-

classifier-en
No No

Yes,

but

with

changes

Fact-checking

model for

detecting mis-

information

The model does not

detect speculation

or personal opinion.

Here the detection

target is the spec-

ulation of history

events, which can be

especially hard for

such a fact-checking

model.

No partial

answers or

"placehold-

ers"

partial answer NA No No No

No political

agendas or

moralizing

political

agenda;

moralizing

NA No No No

Do not just

post links or

quotations

rule-based NA Yes No
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Table B.5 – Continued from previous page

Rules Keywords
Annotated

model

RULE-

BASED?
TOXIC? MATCH? PURPOSE? GAP?

No plagiarism plagiarism

longformer-

base-

plagiarism-

detection

No No

Yes,

but

with

changes

Detect

machine-

paraphrased

plagiarisms

The real-world

source of plagiarism

is way larger than the

training and testing

dataset size of this

model.

Jokes and hu-

mor

joke; humor;

flippant

muppet-

roberta-base-

joke_detector

No No Yes

Digression relevance

response-

quality-

classifier-

large

No No

Yes,

but

with

changes

Rate the rel-

evancy and

specificity of

a response

within a

dialogue

Need to be adapted to

the Reddit (question-

comment) texts.

Clutter clutter NA No No No

Table B.5: Model review for the AskHistorian subreddit. The second and third columns are the
keywords used for model searching and the best-matching model from Hugging Face. The rest
of the columns are annotation results. Crossed-out rules are rules not related to text input.
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Appendix C:

C.1 Traits

The full list of traits and respective adjectives is in the Table C.1

C.2 Experiment Results with Single Groups

Table C.2 presents the Kendall’s τ correlation scores between the model and human at the group level, while

Table C.3 and Table C.4 shows the alignment with the precision at 3 scores (former computed with the top 3 traits

and latter with the bottom 3 traits).

C.3 Experiment Results of Intersectional Groups

Table C.5 presents the dominating relationship between domains, while Table C.6 lists the average correlation

scores of the paired group with each of its identities’ domain for each domain pair. Table C.7 shows the top 50

emergent group-trait associations.

C.3.1 Human study setup

The survey for the collection of associated traits is presented in Figure C.1.
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Trait Adjectives
Agency scale
Powerful forceful, formidable, capable
Powerless weak, helpless, incapable
High status privileged, elite, advantaged
Low status unskilled, lowly, inferior
Dominant commanding, authoritative
Dominated subservient, submissive,

deferential
Wealthy affluent, rich, prosperous
Poor impoverished, destitute, needy
Confident self-assured, assured,

self-possessed
Unconfident bashful, meek, timid
Competitive ambitious, driven, zealous
Unassertive submissive, diffident, passive
Beliefs scale
Modern radical, forward-looking
Traditional old-fashioned
Science-oriented analytical, logical, atheistic
Religious devout, pious, reverent
Alternative unorthodox, avant-garde, eccentric
Conventional mainstream
Liberal left-wing, Democrat, progressive
Conservative right-wing, Republican
Communion scale
Trustworthy reliable, dependable, truthful
Untrustworthy unreliable, undependable
Sincere genuine, forthright, honest
Dishonest insincere, deceitful
Warm friendly, kind, loving
Cold unfriendly, unkind, aloof
Benevolent considerate, generous
Threatening intimidating, menacing,

frightening
Likable pleasant, amiable, lovable
Repellent vile, loathsome, nasty
Altruistic helpful, charitable, selfless
Egotistic selfish, self-centered, insensitive

Table C.1: Full list of traits and corresponding adjectives
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CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 0.150 -0.033 -0.117 -0.383 0.117 -0.350 -0.033 -0.217
Hispanic people 0.533 0.200 0.133 0.300 0.483 0.283
Asian people 0.092 0.126 0.159 0.126 0.243 0.326
Black people -0.209 -0.075 0.209 0.142 0.176 0.042 0.393 0.209
Immigrants -0.117 -0.267 0.233 0.350 0.217 0.383 0.283 0.400
Men 0.183 -0.033 0.083 0.433 0.233 0.183 0.200 0.383
Women -0.433 0.083 0.217 0.017 -0.100 0.050 0.083 0.067
Wealthy people 0.100 -0.133 0.067 0.017 0.150 0.167 0.067 0.083
Jewish people 0.250 0.083 0.017 -0.067 0.150 -0.217 0.033 -0.100
Muslim people 0.233 -0.050 0.000 -0.167 0.183 -0.017 0.250 -0.233
Christians 0.343 0.393 0.209 0.075 0.410 -0.176 0.243 0.142
Cis people 0.167 -0.067 -0.167 -0.033 0.217 -0.400 0.050 0.033
Trans people -0.283 -0.050 0.067 -0.067 0.033 0.083 0.133 0.050
Working class people 0.050 0.300 0.183 -0.117 -0.300 0.017 0.250 -0.033
Non-binary people 0.050 -0.183 0.117 -0.050 0.067 -0.250
Native Americans -0.217 -0.017 0.117 0.350 0.000 -0.183 0.200 0.283
Buddhists 0.000 0.300 0.417 0.517 0.483 0.217 0.383 0.533
Mormons 0.167 0.367 -0.033 0.100 0.283 -0.333 -0.083 0.283
Veterans 0.100 0.417 0.250 -0.083 0.267 -0.083 0.217 -0.033
Unemployed people -0.233 0.083 0.067 0.500 0.067 0.400 0.050 0.500
Teenagers -0.150 -0.133 0.200 -0.267 0.367 -0.033 0.217 -0.250
Elderly people 0.017 0.417 0.650 0.333 0.533 0.117 0.700 0.400
Blind people 0.017 0.367 0.217 0.267 0.100 0.150 0.200 0.267
Autistic people 0.350 -0.117 0.317 0.250 0.267 -0.050
Neurodivergent people -0.167 0.000 0.083 -0.017 -0.100 0.050 0.017 -0.117

Table C.2: Overall alignment scores with human annotations for Kendall’s τ . There are some
missing scores for CEAT because there are no occurrences of these groups in the Reddit 2014
dataset
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CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 1.00 1.00 0.33 0.33 0.67 0.67 0.67 0.67
Hispanic people 1.00 0.67 0.67 0.67 0.67 0.67
Asian people 1.00 1.00 1.00 1.00 1.00 1.00
Black people 0.00 0.33 0.33 0.33 0.33 0.00 0.67 0.33
Immigrants 0.33 0.00 0.67 0.00 0.33 0.00 0.33 0.33
Men 0.67 0.00 0.67 1.00 0.67 0.33 0.67 1.00
Women 0.33 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Wealthy people 1.00 0.67 0.33 0.33 0.67 0.67 0.67 0.67
Jewish people 0.67 0.67 0.00 0.33 0.33 0.33 0.33 0.33
Muslim people 0.00 0.00 0.00 0.00 0.33 0.33 0.33 0.00
Christians 1.00 1.00 1.00 1.00 1.00 0.67 1.00 1.00
Cis people 1.00 1.00 1.00 0.67 1.00 0.67 1.00 1.00
Trans people 0.33 0.33 1.00 0.00 0.67 0.67 1.00 0.33
Working class people 0.67 0.67 0.67 0.33 0.33 1.00 0.67 0.67
Non-binary people 1.00 0.67 1.00 0.67 1.00 0.67
Native Americans 0.33 0.67 0.67 1.00 0.33 0.67 0.67 0.67
Buddhists 0.33 0.67 1.00 1.00 1.00 1.00 0.677 1.00
Mormons 0.67 1.00 1.00 1.00 1.00 0.67 1.00 1.00
Veterans 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Unemployed people 0.33 0.00 0.00 0.67 0.00 0.00 0.00 0.67
Teenagers 0.00 0.33 0.67 0.33 0.67 0.33 0.67 0.67
Elderly people 0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Blind people 0.67 0.67 1.00 1.00 0.67 1.00 1.00 1.00
Autistic people 1.00 0.67 1.00 1.00 1.00 0.67
Neurodivergent people 0.33 0.00 0.00 0.33 0.00 0.33 0.00 0.33

Table C.3: Overall alignment scores with human annotations for Precision at the top 3 traits
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CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

White people 0.67 0.33 0.00 0.00 0.33 0.67 0.67 0.67
Hispanic people 1.00 0.33 1.00 0.67 0.67 0.67
Asian people 0.33 0.00 0.67 1.00 1.00 1.00
Black people 0.33 0.33 1.00 0.67 1.00 0.00 0.67 0.33
Immigrants 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Men 0.33 0.67 0.33 1.00 0.67 1.00 0.67 1.00
Women 0.00 0.33 0.00 0.00 0.00 0.33 0.00 0.00
Wealthy people 0.33 0.00 0.33 0.00 0.33 0.67 0.33 0.00
Jewish people 0.67 0.33 1.00 0.67 1.00 0.00 1.00 0.67
Muslim people 0.67 0.67 0.67 0.33 1.00 1.00 1.00 0.67
Christians 0.67 1.00 0.33 0.33 0.33 0.00 0.33 0.67
Cis people 0.33 0.33 0.00 0.33 0.33 0.00 0.33 0.33
Trans people 0.00 0.67 0.33 0.33 0.33 0.33 0.33 0.33
Working class people 0.67 0.67 0.33 0.33 0.67 0.33 0.33 0.67
Non-binary people 0.00 0.00 0.33 0.67 0.00 0.00
Native Americans 0.33 0.33 0.33 0.67 0.67 0.33 0.67 0.67
Buddhists 0.33 0.67 1.00 1.00 0.33 0.67 1.00 0.67
Mormons 0.67 1.00 0.33 0.33 0.33 0.00 0.33 0.67
Veterans 0.33 0.67 0.67 0.00 0.33 0.33 0.67 0.00
Unemployed people 0.67 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Teenagers 0.33 0.33 1.00 0.33 1.00 1.00 0.67 0.00
Elderly people 0.33 1.00 1.00 0.67 1.00 0.33 1.00 1.00
Blind people 1.00 0.67 0.33 0.33 0.67 0.33 0.33 0.33
Autistic people 0.67 0.33 1.00 0.67 0.33 0.33
Neurodivergent people 0.67 0.67 0.67 1.00 0.67 0.67 0.67 0.67

Table C.4: Overall alignment scores with human annotations for Precision at the bottom 3 traits

Dominates Dominated by

age gender/sexuality, race/ethnicity, national-
ity, politics, religion, socio-economic -

politics nationality, socio-economic, disability age, religion
gender/
sexuality race/ethnicity, nationality age

disability race/ethnicity, nationality politics
social-economic race/ethnicity, nationality age, politics
religion politics -

race/ ethnicity - age, gender/sexuality, socio-economic,
disability

nationality - age, gender/sexuality, politics, socio-
economic, disability

Table C.5: Domination relations between social domains
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Domain A Domain B Correlation A Correlation B
age disability 0.532 0.475

gender disability 0.418 0.356
age gender 0.552 0.320
age nationality 0.583 0.337

disability nationality 0.543 0.309
gender nationality 0.481 0.225

political stance nationality 0.287 0.179
race nationality 0.594 0.525

religion nationality 0.490 0.525
socio nationality 0.540 0.338
age political stance 0.319 0.177

disability political stance 0.019 0.397
gender political stance 0.315 0.375

race political stance 0.376 0.348
religion political stance 0.380 0.271

age race 0.520 0.395
disability race 0.538 0.392

gender race 0.478 0.371
age religion 0.502 0.449

disability religion 0.465 0.463
gender religion 0.439 0.360

race religion 0.522 0.460
age socio 0.562 0.406

disability socio 0.420 0.419
gender socio 0.374 0.397

political stance socio 0.433 0.290
race socio 0.387 0.488

religion socio 0.404 0.439

Table C.6: Full list of correlations for paired social groups. The table shows two domains, which
comprise group AB, correlations between group AB and group A, group AB and group B.
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Group AB Emerged Trait Increased Score Max Score
Jamaican mechanic trustworthy 0.1055 -0.0449
gay with a disability conventional 0.0931 0.0017
gay with a disability threatening 0.0922 -0.0316

Hispanic unemployed person egotistic 0.0919 -0.1546
gay with a disability liberal 0.0882 0.0401

female Native American dominant 0.0860 0.0682
Democrat teenager altruistic 0.0858 -0.0986

Deaf mechanic likable 0.0854 0.0046
Black mechanic likable 0.0821 -0.0118

Democrat mechanic trustworthy 0.0819 -0.0449
male doctor benevolent 0.0819 -0.0230

female Indian person dominant 0.0808 0.0471
Latina dominant 0.0808 0.0720

Filipino mechanic trustworthy 0.0802 -0.0137
Native American mechanic trustworthy 0.0796 -0.0449

teenage Democrat altruistic 0.0794 -0.0986
trans mechanic likable 0.0792 -0.0118

Democrat mechanic sincere 0.0792 -0.0205
Democrat teenager sincere 0.0790 -0.0205

female Black person dominant 0.0785 0.0471
unemployed Italian person poor 0.0784 0.0384

female doctor alternative 0.0779 0.0052
Irish autistic person egotistic 0.0775 -0.0708
Russian mechanic likable 0.0773 -0.0118

unemployed Hispanic person egotistic 0.0772 -0.1546
Russian unemployed person egotistic 0.0762 -0.1788

female doctor traditional 0.0750 0.0107
Amish mechanic trustworthy 0.0748 -0.0170

Republican mechanic sincere 0.0745 -0.0164
male teenager conventional 0.0738 -0.0589

Hispanic French person egotistic 0.0733 -0.1210
Cuban person with a disability poor 0.0731 0.0486

atheist mechanic trustworthy 0.0727 -0.0381
Hispanic Irish person egotistic 0.0725 -0.1322
female Indian person dominated 0.0721 0.0421
gay with a disability traditional 0.0717 0.0229

unemployed German person poor 0.0715 0.0384
female American person dominated 0.0709 0.0328

Irish mechanic trustworthy 0.0709 -0.0300
Muslim autistic person egotistic 0.0708 -0.0708

male teenager traditional 0.0705 -0.0490
Russian autistic person egotistic 0.0704 -0.0708
Japanese autistic person egotistic 0.0700 -0.0708

trans Republican sincere 0.0698 -0.0164
German White person egotistic 0.0696 -0.0833

male Buddhist benevolent 0.0696 -0.0148
Irish Deaf person egotistic 0.0693 -0.0589

Native American mechanic sincere 0.0690 -0.0249
German Republican egotistic 0.0688 -0.0517

Table C.7: Top 50 emergent group-trait associations

193



Social Group

Trait pair Women Men White Black

powerless-powerful 46.8 81.4 80.7 37.1
low status-high status 44.9 76.3 78.6 25.5
dominated-dominant 34.3 84.8 72.6 26.3
poor-wealthy 55.2 67.7 76.6 28.8
unconfident-confident 57.3 78.3 77.4 54.7
unassertive-competitive 53.8 75.5 79.3 49.9
traditional-modern 61.8 53.3 60.8 31.7
religious-science oriented 59.9 56.1 52.8 27.0
conventional-alternative 55.3 46.7 47.1 44.2
conservative-liberal 61.7 40.8 43.0 56.8
untrustworthy-
trustworthy 52.2 50.9 58.2 29.9

dishonest-sincere 52.4 45.3 56.6 37.4
cold-warm 53.8 42.3 56.8 53.0
threatening-benevolent 64.3 39.7 54.2 31.4
repellent-likable 65.5 59.7 59.1 40.3
egoistic-altruistic 50.1 42.8 50.6 47.5

Table C.8: Group-trait associations from White annotators for a subset of social groups. Scores
that are closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and scores
closer to 100 indicate closer to the trait on the right (powerful, high status, etc.).

C.3.2 Comparison of Results Across Race and Gender Demographics

Four tables C.8, C.9, C.10, C.11 show how perceptions of “White people”, “Black people”, “White men”,

and “White women” differ from each other across annotator demographics. In Table C.12, we show correlation

scores for all social groups and overall score between the model and Black, White, White female, and White male

annotators. We may see that for certain social groups, the model has better alignment with White people rather than

Black people. However, we may see that overall the model doesn’t correlate well with human annotators.
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Social Group

Trait pair Women Men White Black

powerless-powerful 61.0 93.0 73.8 56.6
low status-high status 67.8 86.0 74.3 49.3
dominated-dominant 56.0 94.0 72.5 55.3
poor-wealthy 59.0 91.0 76.8 40.6
unconfident-confident 82.3 85.0 69.7 75.9
unassertive-competitive 54.0 57.0 80.5 76.3
traditional-modern 64.8 67.0 80.3 53.7
religious-science oriented 35.5 65.0 81.8 21.7
conventional-alternative 66.0 62.0 52.5 57.9
conservative-liberal 71.3 82.0 71.5 67.7
untrustworthy-
trustworthy 78.5 57.0 62.8 46.9

dishonest-sincere 78.5 61.0 62.3 42.7
cold-warm 87.5 66.0 50.7 58.3
threatening-benevolent 78.3 38.0 35.5 49.7
repellent-likable 85.0 59.0 49.3 62.1
egoistic-altruistic 80.8 77.0 59.8 39.6

Table C.9: Group-trait associations from Black annotators for a subset of social groups. Scores
which are closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and scores
closer to 100 indicate closer to the trait on the right (powerful, high status, etc.).

Social Group

Trait pair Women Men White Black

powerless-powerful 37.5 80.0 81.9 29.8
low status-high status 44.0 77.0 83.4 18.3
dominated-dominant 42.0 83.3 69.8 18.0
poor-wealthy 47.0 70.5 83.0 12.5
unconfident-confident 55.5 75.5 81.6 51.0
unassertive-competitive 61.0 83.3 82.3 39.0
traditional-modern 59.5 59.3 76.8 26.3
religious-science oriented 46.0 62.5 61.3 21.5
conventional-alternative 51.0 55.0 64.6 42.3
conservative-liberal 54.0 36.7 55.1 53.0
untrustworthy-
trustworthy 49.5 45.7 47.5 32.5

dishonest-sincere 48.0 42.5 52.5 34.0
cold-warm 50.0 43.0 55.6 48.0
threatening-benevolent 56.5 34.0 48.3 24.0
repellent-likable 50.5 57.3 57.0 40.5
egoistic-altruistic 51.5 44.8 47.6 53.8

Table C.10: Group-trait associations from White male annotators for a subset of social groups.
Scores which are closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and
scores closer to 100 indicate closer to the trait on the right (powerful, high status, etc.).
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Social Group

Trait pair Women Men White Black

powerless-powerful 48.1 82.8 81.8 41.3
low status-high status 45.1 75.5 76.8 29.6
dominated-dominant 33.2 86.2 78.1 31.0
poor-wealthy 56.4 64.8 73.5 38.1
unconfident-confident 57.5 81.7 76.2 56.9
unassertive-competitive 52.8 67.7 78.9 56.9
traditional-modern 62.1 47.2 51.0 34.9
religious-science oriented 58.5 49.7 50.6 30.2
conventional-alternative 55.9 38.3 37.4 45.3
conservative-liberal 62.8 45.0 38.6 59.0
untrustworthy-
trustworthy 52.6 56.2 61.0 28.4

dishonest-sincere 53.1 48.2 53.9 39.1
cold-warm 54.3 41.7 51.4 55.9
threatening-benevolent 65.4 45.3 53.4 35.6
repellent-likable 67.7 62.0 53.3 40.1
egoistic-altruistic 49.9 40.7 47.7 44.0

Table C.11: Group-trait associations from White female annotators for a subset of social groups.
Scores which are closer to 0 indicate closer to the trait on the left (powerless, low status, etc.) and
scores closer to 100 indicate closer to the trait on the right (powerful, high status, etc.).
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Figure C.1: Example of the survey for one group
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Social Group

Trait pair Black White White
Men

White
Women

White person -0.130 0.080 -0.180 0.220
Hispanic person 0.360 0.470 0.200 0.570
Asian person 0.560 0.100 0.190 0.050
Black person 0.470 0.370 0.250 0.370
immigrant 0.010 0.420 0.300 0.420
man -0.130 0.220 0.180 0.320
woman -0.060 -0.030 0.080 -0.080
wealthy person -0.600 0.050 0.050 0.080
Jewish person 0.020 -0.020 -0.120 0.070
Muslim person —— 0.230 0.140 0.280
Christian 0.270 0.390 0.280 0.010
cis person -0.840 0.090 -0.020 0.170
trans person 0.190 0.150 0.180 0.120
working class person 0.010 0.290 0.290 0.220
non-binary -0.040 0.050 -0.030 0.120
Native American 0.140 0.070 0.080 0.130
Buddhist 0.230 0.320 0.250 0.320
Mormon -0.030 0.030 0.100 -0.180
veteran 0.220 0.200 0.180 0.190
unemployed person 0.030 0.020 -0.040 0.000
teenager 0.200 0.200 0.220 0.130
elderly person 0.540 0.650 0.710 0.620
blind person 0.226 0.217 0.217 0.217
autistic person 0.267 0.217 0.267 0.167
neurodivergent person 0.092 0.050 0.092 0.033
overall 0.151 0.187 0.177 0.164

Table C.12: Correlation scores between the model and White, Black, White male, and White
female annotators. Scores with p-values less than 0.05 are marked bold.

CEAT ILPS ILPS⋆ SeT

RoBERTa BERT RoBERTa BERT RoBERTa BERT RoBERTa BERT

Kendall’s τ 0.028 0.123† 0.142† 0.071 0.173† -0.007 0.174† 0.093

Table C.13: Overall alignment scores with human annotations with only test groups. The highest
scores are bold for each row. For correlation scores, we mark scores where the p-value is < 0.05
with †.
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a two-gender n-gram classification system. In Proceedings of the Eighth International Con-

ference on Language Resources and Evaluation (LREC’12), pages 907–910, Istanbul, Turkey,

May 2012. European Language Resources Association (ELRA). URL http://www.lrec-conf.

org/proceedings/lrec2012/pdf/651_Paper.pdf.

Ahmed El Kholy and Nizar Habash. Rich morphology generation using statistical machine trans-

lation. In INLG 2012 Proceedings of the Seventh International Natural Language Generation

Conference, pages 90–94, Utica, IL, May 2012. Association for Computational Linguistics.

URL https://www.aclweb.org/anthology/W12-1514.

Bei Yu. Function words for Chinese authorship attribution. In Proceedings of the NAACL-

HLT 2012 Workshop on Computational Linguistics for Literature, pages 45–53, Montréal,

Canada, June 2012. Association for Computational Linguistics. URL https://www.aclweb.org/

anthology/W12-2506.

Adam Vogel and Dan Jurafsky. He said, she said: Gender in the ACL anthology. In Proceedings

of the ACL-2012 Special Workshop on Rediscovering 50 Years of Discoveries, pages 33–41,

Jeju Island, Korea, July 2012. Association for Computational Linguistics. URL https://www.

aclweb.org/anthology/W12-3204.

Yoav Goldberg and Michael Elhadad. Word segmentation, unknown-word resolution, and mor-

phological agreement in a Hebrew parsing system. Computational Linguistics, 39(1):121–160,

265

https://www.aclweb.org/anthology/D12-1135
http://www.lrec-conf.org/proceedings/lrec2012/pdf/651_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2012/pdf/651_Paper.pdf
https://www.aclweb.org/anthology/W12-1514
https://www.aclweb.org/anthology/W12-2506
https://www.aclweb.org/anthology/W12-2506
https://www.aclweb.org/anthology/W12-3204
https://www.aclweb.org/anthology/W12-3204


2013. doi: 10.1162/COLI_a_00137. URL https://www.aclweb.org/anthology/J13-1007.

Yuval Marton, Nizar Habash, and Owen Rambow. Dependency parsing of modern standard

Arabic with lexical and inflectional features. Computational Linguistics, 39(1):161–194, 2013.

doi: 10.1162/COLI_a_00138. URL https://www.aclweb.org/anthology/J13-1008.

Marion Weller, Alexander Fraser, and Sabine Schulte im Walde. Using subcategorization knowl-

edge to improve case prediction for translation to German. In Proceedings of the 51st Annual

Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages

593–603, Sofia, Bulgaria, August 2013. Association for Computational Linguistics. URL

https://www.aclweb.org/anthology/P13-1058.

Morgane Ciot, Morgan Sonderegger, and Derek Ruths. Gender inference of Twitter users in non-

English contexts. In Proceedings of the 2013 Conference on Empirical Methods in Natural

Language Processing, pages 1136–1145, Seattle, Washington, USA, October 2013. Associa-

tion for Computational Linguistics. URL https://www.aclweb.org/anthology/D13-1114.

Svitlana Volkova, Theresa Wilson, and David Yarowsky. Exploring demographic language vari-

ations to improve multilingual sentiment analysis in social media. In Proceedings of the

2013 Conference on Empirical Methods in Natural Language Processing, pages 1815–1827,

Seattle, Washington, USA, October 2013. Association for Computational Linguistics. URL

https://www.aclweb.org/anthology/D13-1187.

Rivka Levitan. Entrainment in spoken dialogue systems: Adopting, predicting and influencing

user behavior. In Proceedings of the 2013 NAACL HLT Student Research Workshop, pages

266

https://www.aclweb.org/anthology/J13-1007
https://www.aclweb.org/anthology/J13-1008
https://www.aclweb.org/anthology/P13-1058
https://www.aclweb.org/anthology/D13-1114
https://www.aclweb.org/anthology/D13-1187


84–90, Atlanta, Georgia, June 2013. Association for Computational Linguistics. URL https:

//www.aclweb.org/anthology/N13-2012.
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Justina Mandravickaitė and Tomas Krilavičius. Stylometric analysis of parliamentary speeches:

Gender dimension. In Proceedings of the 6th Workshop on Balto-Slavic Natural Language

Processing, pages 102–107, Valencia, Spain, April 2017. Association for Computational Lin-

guistics. doi: 10.18653/v1/W17-1416. URL https://www.aclweb.org/anthology/W17-1416.

Ben Verhoeven, Iza Škrjanec, and Senja Pollak. Gender profiling for Slovene twitter com-

munication: the influence of gender marking, content and style. In Proceedings of the 6th

Workshop on Balto-Slavic Natural Language Processing, pages 119–125, Valencia, Spain,

April 2017. Association for Computational Linguistics. doi: 10.18653/v1/W17-1418. URL

https://www.aclweb.org/anthology/W17-1418.

Corina Koolen and Andreas van Cranenburgh. These are not the stereotypes you are looking for:

Bias and fairness in authorial gender attribution. In Proceedings of the First ACL Workshop on

Ethics in Natural Language Processing, pages 12–22, Valencia, Spain, April 2017. Association

for Computational Linguistics. doi: 10.18653/v1/W17-1602. URL https://www.aclweb.org/

anthology/W17-1602.

Rachael Tatman. Gender and dialect bias in YouTube’s automatic captions. In Proceedings of

the First ACL Workshop on Ethics in Natural Language Processing, pages 53–59, Valencia,

Spain, April 2017. Association for Computational Linguistics. doi: 10.18653/v1/W17-1606.

URL https://www.aclweb.org/anthology/W17-1606.

277

https://www.aclweb.org/anthology/D17-1323
https://www.aclweb.org/anthology/W17-1416
https://www.aclweb.org/anthology/W17-1418
https://www.aclweb.org/anthology/W17-1602
https://www.aclweb.org/anthology/W17-1602
https://www.aclweb.org/anthology/W17-1606


Juan Soler-Company and Leo Wanner. On the relevance of syntactic and discourse features for

author profiling and identification. In Proceedings of the 15th Conference of the European

Chapter of the Association for Computational Linguistics: Volume 2, Short Papers, pages

681–687, Valencia, Spain, April 2017. Association for Computational Linguistics. URL https:

//www.aclweb.org/anthology/E17-2108.
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