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Chapter 1: Introduction

With the rapid development of arti cial intelligence (Al) technologies, especially the ad-
vancement of large pre-trained models (LPMs), real-world usage and deployment of Al systems
is expanding across many industries and applications. For example, Al 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 |l knowledge gaps for
students [Kokku et al., 2018]. As the adoption of Al 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-
uencing user preferences and guiding choices [Milano et al., 2020]. Studies also indicate that
human judgments and inferences can be in uenced by reasoning about model behaviors [Shafto
et al., 2012, Sun et al., 2020]. Given Al's potential for such signi cant impact, the Al research
eld bears the responsibility to develop systems that support positive social outcomes [of Eco-

nomic and Affairs, 2018]. In particular, Al systems should be designed to augment and amplify



human abilities while ensuring their safe and ethical usage [Wang, 2019, Shneiderman, 2020].

Meanwhile, the Al eld has been focusing on algorithmic improvement. From the Turing
test to pursuing Arti cial 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 Al with human stakeholders,
aiming to enhance the usability of Al systems. According to ISO 9241-11 [ISO, 1998], usability
is de ned as “the extent to which a product can be used by speci ed users to achieve speci ed
goals with effectiveness, ef ciency, and satisfaction in a speci ed context of use.” In this frame-
work, a useful Al system should not ordyign with users' needto foster effective and ef cient
human-Al collaborations but alsdign with stakeholders' value® 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, Al 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 work ows and protection of sensitive
data [Cheng et al., 2017]. Hence, a universal, one-size- ts-all approach to Al frameworks is im-
practical. It is essential to investigate methodologies to accurately capture users' speci ¢ needs

2



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

Meanwhile, the stakeholders of Al systems — encompassing both individuals directly and
indirectly affected by these systems — represent a broad spectrum of backgrounds, identities,
and values. Al 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 Al Incident Database [McGregor, 2020] has over 3,000 similar incidents
reported up to 2024 [Incident Database, 2024]. Additionally, the complexity intensi es when
considering that the values of different stakeholders sometimes con ict [Fleisig et al., 2023].
This necessitates a careful balancing of Al systems that not only align with users' values but are
also universally safe and responsible, incorporating the values of all stakeholders

To address these challenges, my thesis delves into both aspedignohent with users'
needsandalignment with stakeholders' valuegming to bridge the existing gap between current
Al technologies and their deployment to real-life stakeholders. | explore users' and stakehold-
ers' needs and values under four distinct settings, each approached from a model improvement
perspective. First, | investigate possible causes of misalignment in Al 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 Al systems can be tailored to meet

speci c user needs, | analyze two real-life Al applications with their speci ¢ user groups: a con-

1The term “values” can encompass different meanings, including ethical values and instrumental values. In my
thesis, unless stated otherwise, “value” speci cally refers to ethical values.



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, | investigate
the alignment challenges when adapting to users with disabilities and thus unique requirements.
Finally, to explore how to develop safe Al systems that align with human values, | assess the
stereotype problem within large language models (LLMs), which are widely used and have a
broad impact across diverse groups of people. | propose a stereotype measurement methodology

to investigate prevailing stereotype issues within LLMs.

1.1 Bias Entering Machine Learning Lifecycle

In the development of Al 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 rst study, | investigate how
such false assumptions can cause a misaligned system through each stage of the machine learn-
ing (ML) lifecycle. In particular, | 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 inotbinary — there are, for example, agender people who do not experience



gender. It is not immutable either — for example, there are gender uid 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. | thus rst 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, | 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. |
thus assess six stages of the ML lifecycle, including task de nition, data collection, data label-
ing, model de nition, 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, | conduct a human study with an ablation technique. | 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, | seek to explore how Al systems can be tailored to the unique

needs of specialized user groups. This exploration is conducted in two different application



contexts, each involving distinct user groups: volunteer content moderators using moderation
detection assistance systems, and blind and visually impaired (BVI) users engaging with visual
guestion answering (VQA) systems. The rst context focuses on Al systems enhancing humans
in accomplishing the moderation task, whereas the second context focuses on Al 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 Al technologies to lighten the load for moderators, the NLP eld
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, | 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, | conduct a model review
to reveal the availability of existing NLP models to cover various moderation rules and guidelines
from three exemplar Reddit forums. | further put state-of-the-art LLMs (GPT and Llama) to the
test, evaluating how well these models perform in agging violations of platform rules from one

particular forum. Finally, | 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, | 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. | aim
to investigate whether advancements in model architectures designed for machine understanding
VQA also yield performance improvements on accessibility VQA datasets. | also conduct a
mixed methods error analysis to identify particularly challenging classes as directions for future
VQA systems to improve on.

In both contexts, | assess the corresponding Al systems in each use case with data collected
from the users to understand potential challenges for adapting technology-focused systems to
meet application-speci ¢ user needs. | 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 Al can better

empower them and align with their needs.



1.3 Alignment with Diverse Stakeholders' Values in General Large Language

Models

Both general models and models for speci ¢ applications face stakeholders from diverse
backgrounds, representing a wide spectrum of identities. Thus, beyond alignment with needs,
to ensure a safe and enjoyable human-Al interaction, Al 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 Al 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 rst need a clear understanding of what we are measuring and seeking to
mitigate.

Thus, in my research, | develop a systematic approach for assessing stereotypes toward di-
verse identities within Large Language Models (LLMs). | 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, | 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.

| also crowdsource to collect human stereotypes and develop a screening approach to Iter out



unreliable annotations while keeping annotators' various perspectives on stereotypes. Since this
measurement has the advantage of being easy to generalize to unstudied groups, | take a step
towards exploring stereotypes of intersectional identities, nding 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, | 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. |
thus utilize the proposed measurement approach to assess how cultural stereotypes leak across
various languages in multilingual language models (MLLMS). In this study, | de ne stereotype
leakage as the effect of stereotypic word associations in MLLMs of one language impacted by
stereotypes from other languages. | speci cally examine stereotype leakages in English, Russian,
Chinese, and Hindi within the models mBERT [Miiller et al., 2020], mT5 [Xue et al., 2020], and
GPT3.5 [Brown et al., 2020, OpenAl, 2023]. | conduct a human study in four languages to col-
lect cultural human stereotypes and measure stereotypic associations in MLLMSs. Interestingly,
ndings revealed that GPT3.5 is the model most affected by the in uence 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 signi cant stereotype leakage. With the widespread
usage of GPT models, these ndings 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 eld of human-centered arti cial intelli-
gence, focusing on the alignment of Al systems with human needs and values:

» Revealing user needs in speci ¢ Al applications and identifying gaps in existing Al sys-
tems: Through in-depth studies of two speci ¢ user groups — blind and visually impaired
users of visual question answering systems and volunteer content moderators using mod-
eration assistance tools — | have uncovered unique user requirements and highlighted the
shortcomings of current Al 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 Al applications.

» Proposing methodologies for assessing bias and stereotypes in large language models: |
have introduced novel datasets and methods to systematically evaluate bias and stereotypes
in Al 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 Al systems.

* Emphasizing the importance of a human-centered approach in Al development: By demon-

strating the signi cance of aligning Al 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 Al technologies. The insights and methodologies presented here contribute to the
growing body of research aimed at creating Al 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 Al 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 arti cial intelligence technologies.

1.5 Roadmap

This thesis is organized into ve chapters. Chapter 2 provides background on Al 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 Al systems with speci ¢ 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 Al 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

ndings, 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 signi cant usability issues. Users fre-
guently expressed frustration with unintuitive computer interfaces and complex features [Baecker
et al., 1995]. To address these challenges, the eld 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
simpli ed 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 Al development. Since
the Turing test [Turing, 1950], arti cial intelligence (Al) 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 Al systems [Winograd,
2006]. Early "Good Old Fashioned Al" (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 Al have thus clearly expanded
computational capabilities, yet translation to real-world bene ts 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-Al collaborations, which led to the emergence of
human-centered Al (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]. Speci cally, the eld examines how users engage with computational
systems and aims to make these interactions as effective, ef cient, safe, and satisfying as possible.

Within the broad spectrum of Human-Centered Arti cial Intelligence (HCAI), a critical
topic is Al system alignment. The concept of alignment rst emerged in discussions about su-
perintelligence, emphasizing the moral alignment of Al 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 Al 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 Al systems, considering it through
user interaction cycles as speci cation alignment, process alignment, and evaluation support.
In my dissertation, | concentrate on Al systems' alignment with users' needs, akin to intention

alignment, as well as alignment with human ethical values.

2.1 Alignment with User Needs

Emerging Al technologies are unlocking promising new possibilities for human-machine
collaboration. Al systems can bring multifaceted bene ts 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.
Al 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 in ux 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, Al 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 Al and human collaborators can enhance one another — Al expands analytic breadth and
capacity while humans supply guidance, oversight, and nuanced perspective. Furthermore, Al
can enhance human capabilities, such as creativity. In creative writing, for instance, Al writing
assistants can provide idea-generation support by offering inspirational prompts and suggestions
when authors experience lulls in their work ow [Clark et al., 2018].

However, adapting technologies to real-life applications presents signi cant 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 Al programming
assistants, a user study revealed that users face dif culties in debugging generated code and
integrating it into their projects due to insuf cient 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 speci c use cases [Kang and Lou, 2022]. These challenges highlight the necessity
for Al 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 rst 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 Al systems with users in the loop.

One fundamental approach in this domain is “usability engineering” [Wixon and Wilson,
1997], which involves de ning, 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 elds. 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 1SO [1998] de nition 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\ccessibility mandating systems to be “effective, ef cient 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 Al 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 uctuate 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 con dential, 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 Al systems, where data concerning disabilities might be misinterpreted as

outliers and disregarded [Trewin, 2018]. Such oversight can lead to considerable frustrations for
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disabled individuals when using these Al systems. For instance, Glazko et al. [2023] observed
that generative Al systems often struggle to produce authentic-looking happy pictures of people
with disabilities. Additionally, they noted that these systems frequently require human veri ca-
tion, a task that can be particularly challenging for people with disabilities. This requirement
signi cantly reduces the utility of these systems for people with disabilities. Furthermore, pri-
vacy and security is another signi cant 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 Al 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 Al 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 eld 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 classi cation [De-Arteaga et al.,
2019a], sentiment analysis [Kiritchenko and Mohammad, 2018], and machine translation [Font
and Costa-jussa, 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 Al systems
towards individuals with disabilities. Research in this area has highlighted various instances
where Al 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 Al 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 speci cally 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 Camara 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, Gonzalez et al. [2020] presented
a template-based anti-re exive 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 categoriegrinsicandintrinsic 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, | 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 rst approach tests systems with hand-constructed templates liHgrduna
is ", where[group] ranges over social groups (e.g., “woman” or “Hispanic”), andepre-
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) quanti es word associations in language models
through masked word probabilities. It calculates the association score with a pre-de ned tem-
plate, {Group] are .” [Kurita et al., 2019], where is a masked token. For example, given

a group “Asian” and a traismart , P(“Asian”;smart ) measures the probability aimart

given “Asians” by lling 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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(2.1)

Intuitively, ILPS measures how much each group raises the likelihood of a trait lling in the
template. One can easily show that this equivalent tontbight of evidencef the trait in favor

of the hypothesis that the group is the targgg;t ) = woeg(g : t j templaté [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 de ning

groupsX;Y (e.9. Xmae = f“man”,

father”, ..g, Yiemaie = f“woman”, “mother”, ..g) and two

sets of polar traité\; B (€.9.Apeasant= f love , peace, ..g, Bpeasan= f €vil , nasty ,...Q),

CEAT computes the effect sizes of the difference betwéeandY being closer t&A thanB 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 sariplé@sentences

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

below:

E s(g:AB) E s(g:AB)

CEAT(A;B; X;Y )= ¢ (2.2)

o 3y S(GAB)

s(g;A;B)= Ecogg;t) Ecogg;t)
E (resp.9) is the empirical expectation (resp. standard deviation) xadenotes the embedding
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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 betweeg with A andB for each group as below:

E cogg;t) Ecogg;t)
CEAT(g;A;B) = —= 5 Cost(gB't)

t A[B

(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 classi cation or generative outputs. In classi cation 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 classi ed 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 in uenced 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 lll. Appeared at Computational Linguistics 2021

In pursuing the goal of aligning arti cial intelligence systems with human needs and values,
itis 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 signi cant 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 daiseanfgender
discrimination in trained coreference systems, showing that current systems over-rely on social
stereotypes when resolvimg andSHE pronouns$ (see section 3.2). Contemporaneously, critical
work in Human-Computer Interaction has complicated discussions around gender in other elds,
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—Ilead to the development of technology that is exclusionary and harmful of bi-
nary and non-binary trans and non-trans peéplée 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 signi cant 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$HE, HE, the non-binary use of singulamHEY, 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 querylf 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 choicelf 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 t in the gender binary. This
can lead to allocative harms (for hiring) as well as erasure harms.

» Many stakeholderd a machine translation system needs to use discourse context to gener-
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ate appropriate pronouns or gendered morphological in ections in a target language, then

errors can result in directly misgenderfrgubjects 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 re ected in language,
and how that both matches and potentially mismatches the way people experience their gender
in the world. This re ection 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 nd 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 ner-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 operéate¥/e 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 de nition (subsection 3.4.1), bias in underlying text (subsec-

tion 3.4.2), model de nition (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 af rmed gender.

“Vaughan 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
de nition (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 subsubsectiod 3.4.4.3).
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

SBoth 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 tHeumanbiases that can enter into annotation tasks (subsec-
tion 3.4.3).

» Constructing a new dataset, the Gender Inclusive Coreference datasetR&H)Cfor 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 de nition 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 evidencecapational stereotyp-
ing, by constructing Winograd-esque [Levesque et al., 2012] test examples. They nd 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
datato a coreference resolution system. Webster et al. [2018] produced the GAP dataset for evalu-
ating coreference systems, by speci cally seeking examples where “gender” (left underspeci ed)
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-jussa, 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 processquebple 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 re exive pronouns and antecedent
in English, nding 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, signi cantly 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 insuf cient, either
because the context simply does not contain the afisaebecause different languages mark for
gender in different ways: e.g., Hindi verbs agree with the gender of their objects, and Russian
verbal forms sometimes in ect differently depending on the gender of the speaker, the addressee,

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

SFor instance, the gender of thhef de cuisinén Daphne du Maurier'®Rebeccas 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 rst 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 con ating 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 processisgienderings 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 rst discuss how gender is analyzed sociologically (subsection 3.3.1), then
how gender is re ected in language (subsection 3.3.2), and nally 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 recognizegbéatlerencompasses 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 thalo@sand to which
one is sociallyaccountablgWest and Zimmerman, 1987, Butler, 1989, Risman, 2009]. How-

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

Such trans-inclusive views decon ate 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” binary additionally, that one's gender may shift by time or context
(often “gender uid”), 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 de ned 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 yéais. subsection 3.4.1 we will analyze the degree to
which NLP papers make assumptions that are trans-inclusive or trans-exclusive.

Social gendef 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

’Some 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 identi ed 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 de ned in Ackerman [2019], is nothing more than a clas-
si cation of nouns based on a principle gfammatical agreementlt 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
aFEM (resp.MASC) grammatical gender and referents with female- (resp. niékslial gender.

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

100ne dif culty 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-aseandMASC.
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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-inde nite.” Fundamentally, referential gendaeny 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 pronosis, (HE), including neopronounsg,

EM) and singulamrHEY!?, but also includes cases like “policeman” when the intended referent of
this noun has social gender “male”. (Note that thidifferentfrom 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 t#xical genderas follows).

Lexical genderrefers to extra-linguistic properties of female-ness or male-nessana
referentialway, 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 unibf 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 thereforesferentialgender), yet it still
(likely) takesHis as a pronoun anaphor because “son” has lexical gendsc.

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

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

people's mental acceptability of singutaiey 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 uctuates over time
(at any interval), as well as in the case of drag performers (e.g., some men who perform drag are
addressed asHE while performing, andie 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 “Méadchen”,
meaning “girl” [e.g., Hellinger and Motschenbacher, 2015]. This term is grammatically neuter
(due to the diminutive “-chen” suf x), 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 “M&adchen fur alles” (“girl for everything”, somewhat like “handyman”) allows
for male referents, sometimes with a derogatory connotation and sometimes with a connotation
of appreciationt?

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

2Dahl [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 quanti ed human of unknown or irrelevant gender (“Every student loves their grade”),

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

a de nite speci ¢ human of unknown gender, or one of non-binary gender (“Parker saw
themself in the mirror”):3
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 2001702

Zh-PB3 Chinese Propbank 3.0 2003T13
ACEO4 Automatic Content Extraction 2004 2005T09
BBN BBN Pronoun Coreference Corpus 2005T33
ACEO5 Automatic Content Extraction 2005 2006T06
LUAC  Language Understanding Annotation Corpusosrio
NXT NXT Switchboard Annotations 2009726
MASC3 Manually Annotated Sub-Corpus 2013T12
Onto5 Ontonotes Version 5 2013T19
ACEO7 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
ACEO4 2 6 1

LUAC 1 2

Onto5 1

AMR2 5 17

QB 1

Total 9 37 O O 6 1 O

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 speci c entity (and only older datasets included any examples of quanti ed usages of

“they”).

3.4.1 Bias in: Task De nition

Task de nitions 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 eycle rather than a pipeline). Getting annotation guidelines “right” is
dif cult, particularly in balancing informativeness with ability to achieve inter-annotator agree-
ment, andmportantbecause poorly de ned 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 (LB@nd two are not. According to

14Seehttps://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 nal 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 teiE/SHE pronouns), or otherwise what
information a human annotator should use to resolve ambiguous situations. However, many of
them do provide runningxampleswhich we can analyze. Although the examples in annotation
guidelines (or papers) are insuf cient 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 de nition bias, we count, for each of the annotation guidelines, how many
examples use different pronominal forms. For examples thatwisg, 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: Quanti ed/inde nite — “Most chefs harshly critique their own dishes.”

SP. Speci c 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 watur
more than twice as frequently as all others combined. Furthermer®y is never used in a
speci ¢ setting and, somewhat interestingly, is only used as an example for quanti cation 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 thabtivasHE
andHE examples are considered (and only in cases where the gender of two possible referents
“matches”—though it is unspeci ed what type of gender this is and how it is determined). Even
on the binary spectrum, there is also an obvious gender bias beb#esamd SHE examples.

Tasks de ned in these thirteen datasets only consider binary gender and are mostly male-
dominated. Systems built along with such task de nitions 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 rst 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, therare some occurrences afHEY, 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 eatheyinto 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 formsiR, XEYy andey) and found no occurrences nor their morphological
variances?® In the case ofrHEY, we again distinguish between its four usage cases: plural,
singular, quanti ed, 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 fétuand 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
moreHE examples thasHE examples. Only the older datasets (MUC7 and Zh-PB3) include any
examples offHEY, some of which are in a quanti ed form.

Systems trained from these datasets never see non-binary pronouns during training. Thus
when generalizing, system performance for non-binary users on singt#ar or neopronouns

surely will be worse.

3.4.3 Bias in: Data Annotation

A signi cant possible source of bias comes from annotations themselves, arising from a

combination of (possibly) underspeci ed annotations guidelines and the positionality of annota-

5There was one instance of “hir” but that was a almost certainly typo for “his” (given the context), and severall
instances of “ey” used a contractions for pluraley in transcripts of spoken English.

18t is a dataset with publicly available comments from Reddit. The dataset has about 1.7 billion com-
ments with their related elds, 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 classi cation 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 nally 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, considefl) 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 tlsate pronouns could refer to someone named “John”).
While in (2), an annotator is likely to have dif culty making a determination because both “Sue”
and “Mary” suggest “her”. In3), 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 dif culty.

(1) John and Mary visited her mother.

47



(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 seesiifgronoun, 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 nour@) and terms of addreg%)), grammatical gender references (in gender
languages like Arabi¢6)), and social gender referend@3. The last of thesg(()) 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. lwu visited her mother.

(6)
walidatu -ha shahadaa al-momathela w almutarab

mother -her saw actorrem and singerwasc]

The singervasc] and actorirem; 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 determinavhich cues annotators are using and tlegreeto 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 classi cation 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'ségore”
us, we are speci cally interested in how annotators make decisions even when additional gender
information is available. Thus, we construct a dataset cMlagbe Ambiguous Prono(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 in uence 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 examp),isyntactic 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-

uidity or misgendering).
(8) Liang saw herself in the mirror... He ...

Fortunately, itis possible to enumerate a high coverage list of English terms that signal lexical

Mt 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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Rebekah Johnson Bobbitt | M. Booth was the younger
sister 1© sibling | of Lyndon-&&ehnm!(b) T. Schneider , 36th President

of the United States. Born in 1910 in Stonewall, Texas, |she I they| worked
in the cataloging department of the Library of Congress in the 1930s before

her 1) their| brother I© sibling entered politics.

Figure 3.3: Example of applyingll 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 (mé#&rassembled
a list by taking many online lists (mostly targeted at English language learners), merging them,
and manual ltering. The assembling process and the nal listis 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 progragy (
XEY, ZE).
(b) : NAME: Replace all names (e.g., “Aditya Modi”) by a random name with only a rst
initial and last name (e.g., “B. Hernandez").
(c) : SEM: Replace all semantically gendered nouns (e.g., “mother”) with a gender-inde nite
variant (e.g., “parent”).
(d) : AbbpR: Remove all terms of address (e.g., “Mrs.”, “Si)
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-con ate

BThese are, however, sometimes complex. For instance, “actress” digyiedd gender of female, while “actor”
may signakocialgender of male and, in certain varieties of English, may also slgriglal 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 degreeacofuracywith 95% signi cance 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 ZR0, 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 (alvays
or SHE here), yielding NAME : SEM : ADDR. Any difference in annotation behavior between
ZErROand: 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 theNAME : SEM : ADDR is whether the pronoursHE/HER are substituted
with THEY/THEIR—all other substitutions are applied in both cases. In thr@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

51



cannot help with the resolution of either of the pronouns. In:thNaME : SEM : ADDR case,
all lexical and referential gender informatiemceptthat 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 ctitious 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 refereshgf Thus, it is likely that in
this latter case, readers and annotators can and will use the gender information on the pronoun
to decide thasHE does not refer to Schneider and therefore likely refers to Booth. On the other
hand, in the ZRO 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 betw&mam : ADDR and: NAME : SEM
: ADDR show how much names are relied on for annotation. SimilarNNAME : 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 witRi®, which is the unmodi ed original text.
To this, we can apply the pronoun lIter to getPro; differences in annotation betweerrR(@
and: PRO give a measure of how muamysort 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 geSEM 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 de ned above. We then conduct annotation
experiments using crowdworkers on Amazon Mechanical Turk following the methodology by
which the original GAP corpus was creatédBecause we wanted to also capture uncertainty, we
ask the crowdworkers how sure they are in their choices, between “de nitely” sure, “probably”
sure and “unsure’?

Figure 3.4 shows the human annotation results as binary classi cation accuracy for resolv-
ing the pronoun to the antecedent. We can see that removing pronouns leads to signi cant drop
in accuracy. This indicates that gender-based inferences, especially social gender stereotypes,
play the most signi cant role when annotators resolve coreferences. This con rms the ndings
of Rudinger et al. [2018] and Zhao et al. [2018a] that human annotated data incorporates bias
from stereotypes.

Moreover, if we compare QG with columns left to it, we see that name is another sig-
ni cant cue for annotator judgments, while lexical gender cues do not have signi cant 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 Bo@®7(# 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 singalaand 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 misipgonouns. 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 ctional contexts in which a human annotator
would have no dif culty nding “President of the United States” to corefer wilaE 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 compalMAME : SEM : ADDRto: SEM : ADDR and: NAME

: ADDR, accuracy drops when removing gender cues. Though the differences are not statistically
signi cant, we did not expect the accuracy drop.

Finally, we nd annotators' con dence 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 Zro 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 con ating 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 utterirfly) may assume that aer interlocutor shares, or at least recognizes,
social biases that lead one to assume that the person named “John” is likely referregeto as
and “Mary” assHE. This speaker may use this assumption of the listener to determine that “her”
is suf ciently unambiguous in this case as to be an acceptable reference (trading off brevity and
speci city; 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 suf ciently speci c 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 afpper boundn 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
arelated nding in annotation of hate-speech that annotator positionality matters [Olteanu et al.,

2019].

3.4.4 Bias in: Model De nition

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 xed 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 (GREP.
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All Papers Coref Papers

Paper Discusses Linguistic Gender? 52.6%/150) 95.4% ¢
Paper Discusses Social Gender? 58.0%6/1500 86.3% (19/22)
Paper Distinguishes Linguistic from Social Gender? 11.1867) 5.5% (ns)
Paper assumes Social Gender is Binary? 92.8%s4) 94.4% (718
(
(

21/22)

Paper Assumes Social Gender is Immutable? 94.5%v4) 100.0%
Paper Allows for Neopronounsiey-sP?  3.5% (2/56) 7.1%

14/14)
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 rst 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??
* (If yes to social gender and to English:) Does the paper explicitly consider uses of de nite

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 the2 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 speci ¢ singuar .
The situation for papers not speci cally 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 signi cant at p < 0:05level except for the rst two questions, due to the small sample
size (accordingto an 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 afccuracywith 95% signi cance 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 ve coreference resolution systems on our ablated
data: the Al2 system [Al2; 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 signi cantly

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 signi cantly 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 pronauey;-SHE,

HE. ldeally, they should all perform the same because there is not any gender cues in the sentence.
However, they nd 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 GlCoref

We introduce a new dataset, GOEEF. for the purpose to evaluate current coreference
resolution systems in the contexts where a broader range of gender identities are re ected, where
linguistic examples of gender uidity 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 focusedatiarally occurring data, but sampled

speci cally 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- ction stories from Archive Of Our Owh(with the respective author's permis-
sion). Each author of this paper manually annotated each of these documents and then we jointly
adjudicated the resufts To reduce annotation time, any article that was substantially longer
than 1000 words (pre-tokenization) was trimmed at the 1000th Worthis data includes many
examples of people who use pronouns other thaga or HE, people who are gender uid 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
speci ¢ case of people who perform drag. Following Butler [1989], in our annotation we con-
sidered drag performance as a form of gender uidity; 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.qg.,
Carrie, played by Sissy Spacek, Angela Bettis, and Chloé Grace-Moretz), would be marked as
non-coreferent. In additiomcorrect referenceémisgendering and deadnamifigare explicitly

annotated! Two example annotated documents, one from Wikipedia, and one from Archive of

23seehttps://archiveofourown.org; thanks to Os Keyes for this suggestion.

2%We 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.

2"Thanks 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 identifiyragindian
subcontinent)phuying(Thailand, sometimes referred to kethoey, muxe(Oaxaca)wo-spirit
(Americas)fa'afa ne (Samoa) andnahu (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). Takin(@) 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 ¢ are
separate clusters). Due to the limited number of incorrect referefi&®s ¢f total references of
people) in the dataset, the difference of the results are not signi cant — the difference is less than
0:2% for each entry. Nonetheless, although these are rare, they constitute a signi cant potential
harms. Here we only report the result for latter.

(9) [Friskl, sat in the back of the classroom, silently praying that {theirl, teacher wouldn't call on theml,.

They, were having a bad day and didn't think {they|, could be misgendered today. But just {theirs

61



LEA Recall

Precision Recall F1 HE/SHE THEY NEO
Al2 40.4% 29.2% 33.9% Al2 96.4% 93.0% 25.4%
HF 68.8% 22.3% 33.6% HF 95.4% 85.0% 21.1%
SfdD  50.8% 23.9% 32.5% SfdD 97.6% 96.6% 0.0%
SfdS 59.8% 24.1% 34.3% SfdS 96.2% 86.8% 20.4%

SfdN  59.4%  24.0% 34.2% SfdN 96.6% 90.1% 0.0%

Table 3.4: (Left) LEA scores on GIQREFdataset 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 pronounsgy (of any type), and neopronouns.

luck, [theirl, teacherz was staring straight at them|,. “Felix-? Do you know the answer?” ...

[Charaly's hand shot up. “Ms._Richardsk, theirl, name is [Friskl,, remember?” “Christine-,” Ms. Richards}s
sighed, ignoring [Charalp's inch. “[Hisl- name is whatever is on the sheet, the same way yours is.
We- have had this discussion, remember?”
The rst observation is that there is still plenty room for coreference systems to improve; the
best performing system achieves as F1 scor@éf but the Stanford neural system's F1 score
on CoNLL-2012 test set reach&9% [Moosavi, 2020]. Here are some examples where the
huggingface and the Stanford deterministic system output erroneous resol(tion$il), 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 artworkis consisted of [Sulkowics|,, who uses [theyls/themls pronouns, carrying a mattress

wherever [theys went on campus.

SfdD: The artwork consisted of [Sulkowicsl,, who uses [they/them pronounsfs, carrying a mattress

wherever they - went on campus.

(11) HF & SfdD: As [the son of a military father |5, 'shel, faced many challenges to be accepted.

(12) HF: Soon after [Vasold,'s win was announced, zes spoke with the school newspaper about zir sur-

prise at winning.
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SfdD: Soon after Vasold,'s win was announced, ze spoke with the school newspaper about

[zir surprisels at winning.
Additionally, we can see system precision dominates recall. This is likely partially due to poor
recall of pronouns other tha#e andsHE. To analyze this, we compute thecall of each system
for nding referential pronouns at all, regardless of whether they are correctly linked to their
antecedents. Results are shown in Table 3.4. We nd that all systems achieve a recall of at least
95%for binary pronouns, a recall of arour®®% on average forHEY, and a recall of around
a paltry13%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 Biasin: 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 dif cult 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 re ect 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 Jarvelin, 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 t&HBaNdHE
pronouns, the bias is signi cant: four times as matg/thansHE in Europarl [Koehn, 2005] and
the Common Crawl [Smith et al., 2013], six times as many in News Commentaries [Tiedemann,
2012], and fty 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], §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 speci cally 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 ofxYR) or not (e.g., ignore an instance BE), 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 whesemfpronouns were replaced with
morphologically equivalentiE forms (none of these datasets contain neopronouns and analysis
of a small sample did not nd any singular speci ¢ usesTfey). From wmt08—wmt18 and
iwsltl7 test sets, the average percentdgm in Bleu score from this error i8:67%( 0:22),

which is barely statistically signi cant according to a bootstrap test at sensidvify Evaluated

only onthe 17%o0f the sentences in these datasets containing either SHE, the degradation

is about3:1%. While this degradation is noticeable, it perhaps does not re ect 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 nal 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 $tatistically biasedhctive learning (or bootstrapping) technigd@#ctive
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 in nite 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 bene t 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 bene t 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 nhames with “genders.”
The process speci cally mapped namegtonouns 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 identi ed coreference withe (8150, 97.7%)sHE (70,
0.8%),1T (42, 0.5%) and HEY (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 rst 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 naniE34of

non-binary people referenced on Wikipediand queried the B+L data with them. In almost all

2https://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

% 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 nal col-
umn is the total count. The semantics of “thepe” is that the person accepts both “they” and
“she” pronouns, while “theyyshe” 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 ve), 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
thansHE or HE (exclusively) are, essentially always, misgendered. Even on binary prosens
andHE, the accuracy is onl§0% For the case of people who useEY pronouns, one might ask
what the ideal behavior would be given the framing of this resource—qgiven that “Plural” is inter-
preted to be “coreferent with “they™, we might hope that (aside from the naming issue), people
who useTHEY are considered Plural: this only happen$& of cases, though. Expanding on
this, one might hope that people who uséEY _ SHEoOr THEY ” SHEare mapped to either Fem or
Plural, but this only happens &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 in3=19cases). 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 de nitions (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 speci c linguistic phenomena (searching for uses of
neopronouns in LGBTQ periodicals) or social aspects (Wikipedia articles and fan ction about
people with non-binary gender). Both datasets show signi cant 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 singulay 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
GICoREFdataset, 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 imiotthat “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 dlgtide of additional contexa
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 exa(igehere, 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: [Tom|, and [Mary]s - are at home. Toml, regards herselfi; in the mirror.

This analysis potentially changes if such a model is “ipped” 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 argender(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 de nition 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 GlCoref dataset, but
the compensation is incomplete.

Additionally, our ability to collectnaturally occurringdata 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 awlessly
(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 in ltrate every aspect of the machine learning work ow, including the ini-
tial task de nition, system testing phases, and feedback loops, particularly when the development
process neglects the inclusion of signi cant stakeholder groups. This nding accentuates the im-

perative for a closer integration of Al system development with its stakeholders and advocates
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for a more human-centric methodology in the advancement of arti cial 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 Al systems
when developers fail to consider real-life stakeholders, this chapter delves into the challenges of
aligning Al systems with the needs of speci ¢ 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 Al 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 Al systems to better serve the needs of their users. This chapter
highlights the importance of a human-centered approach in creating Al 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 lll. 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 ARhd OpenAl 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? 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 &6 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

thttps://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 condodehreview

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 speci c
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 decisionsidskHistoriansand covering

a wide range of rules. Finally, using the models' performance on this new dataset as an empirical
grounding, we conduct a survey study witthAskHistoriansmoderators| = 11) to evaluate

the models' performance and gain insights on performance requirements for a useful model for
different rules.

We nd 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 (approxima&8®g are unrelated to
toxicity detection, with nearly0%lacking an huggingface model designed for their resolution.
While one might hope that general-purpose LLMs could Il this gap, our experiments with GPT-

4 and Llama-2 show that LLMs fall short in their ability to detect violations of many rules.
Speci cally, both GPT-4 and Llama-2 exhibited moderate to low precision and/or recd0¢9

for half of the rules fromr/AskHistorians Findings from our survey study also indicate that
neither LLM has good enough performance to be usefubfoir23 r/AskHistoriansrules 26%).

Finally, our survey study shows that moderators are excited about an assistant model but have
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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 signi cant 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 in ux 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 yinresponse to hate raids Han et al. [2023]. While automation can help support
moderation work, it may also add to it in different ways—Iike needing to build and maintain a
bot—and requires skill sets not all moderators have Jhaver et al. [2019].

Meanwhile, the NLP eld 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
etal., 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 from95 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 ifkéoviesbut struggle with other sub-
reddits such agaskscienceindr/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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guestions of removing or keeping posts, we focus on coverage for speci ¢ 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 scienti ¢ context is to perform a literature

review. Because we are particularly interested in deployable models, we optiadel 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 (Bidn 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 speci c to the particular subreddit, we focus on the Meso groups, whose rules
are shared across multiple subreddits within the group. We pick three subredtitheism,
r/Movies, r/AskHistorianfrom 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-

Shttps://huggingface.co/models
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referencing them with the list d5 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 rst 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 rst 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 forrmatching modefo 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 rul®ersonal Attacks or Flaming : “Keep things civil. Avoid ghting
words and personal attacks. (applies to all forms of user content, including the user's name.)”
we use keyworddoxxing andcyberbullying

We then search on HF by matching keywords with model names or model cards to nd the
most relevant model to each moderation rule. We traverse the top 20 search results to nd the
most relevant model, which we call tiheatching modellf 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
guestionRULE -BASED? andToxIC ?, 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 arges yes, but with change®r no. We markyes, but with changeshen 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
guestion.

| 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 thEL moderation rules37 (90% of the rules cannot
be handled by rule-based approaches. Among these,0(19%) are toxicity-related. This
reemphasizes that models solely designed for detecting toxicity fall short in meeting the practical
needs of content moderators.

Among the7 toxicity-related rules, we see th&({57%) require model modi cations. Most
of these modi cations 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 the37 non-toxicity-related rules, onl§ (20%) rules have matching HF models that
can be applied directly13 (43% of the rules require some model modi cations in order for
the matching model to be adapted for the rule, wheldg87%) rules have no matching model
at all. These rules include, for examplew-effort posts and proselytizing from
r/Atheism andno homework andno “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 modi cations to be covered. These results indicate a substantial gap between the
functionalities of previously developed models and those needed for Reddit moderation.

For theGAP? 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, tHdo 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 Wabhle et al. [2022] consistingGik
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/Atheismhas the ruleHarassment or Bigotry that prohibits harassment but
permits curse words. A toxicity detection model can be used here but needs modi cation.

4. Some models can be applied to certain rules, but with a degree of stretching. For instance,
violations of the ruleOff Topic can potentially be caught by a topic classi er 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 modi cations to the model, is not trivial, and some rules simply lack a matching model to
address their speci c 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 th@AskHistorianssubreddit, which ha83 moderation rules, and two
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LLMs — Llama-2 and GPT-4.

41.4.1 Method

Evaluation Dataset The evaluation dataset was created and annotated by a volunteer modera-
tor for r/AskHistorianswho has expertise in both moderation and qualitative analysis. For each
rule, 11-13 violating posts or comments were selected, save for posts violatindjegal

artifacts rule, which, due to the rareness of violations, was only represé&tietes in the
dataset. Most content was selected frdAskHistory a Reddit community that is thematically
similar to r/AskHistoriansbut with different moderation rules. Some additional content was
taken directly fromr/AskHistorians We exclude all borderline cases and only select posts and
comments that clearly violate the rules. In total, the dataset inclL@eguestions and34com-
ments? Because content often violates more than one rule, questions and comments included in
the dataset often re ect 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 includédjuestions and0 comments that do not violate any

r/AskHistoriansrules. 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.
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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 nd that using rule de-
scriptions in the prompt is helpful for the model to detect violations of the rule. Hence, we crawl
rule descriptions fromn/askHistoriansrule 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 signi cant 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.

«ISYS»

{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 moderatorsiivaskHistorians® The sur-

SApproved by our institutional IRB, #704882-8 .
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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 speci c 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 speci c 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 rst 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: dgrformance for this rule is good enough that | would use
the tool 2). | would use this tool for this rule if it could catch more violatiaimeed higher recall),

3). I would use this tool for this rule if it could be correct more ofi@eed 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 includednost important, less importandndwould 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 recruitetll out of 36total active moderators fromAskHistorians
We obtained their consent at the beginning of the survey. Our participants spent an av@@age of
minutes completing the survey. In return, participants received compensation in the amount of

$25USD upon completion of the survey in full.
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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 rst 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 LLMSs.

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' Kapp®: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 @i&rules, both models are considered useful
for three question rules and three comment rules. For some rules, sN3F&8/Sensitive
content ,No plagiarism ,No political agendas or moralising , andDepth ,
moderators can accept low recall; for some, sucB@snot just post links or
guotations , moderators can accept low precision. Importantly, there are six rRéésdf 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, becdasg help is better than no helpOne statedA
tool ags a lot of things but isn't right too often? Well, it's still agging things for my attention.

A tool that doesn't ag a lot but is very frequently right? Great, | don't have to think about
whether or not to remove what it's foundThis response emphasizes the importance of model
transparency. Model users often can adapt to a awed 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- agged 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 theCQuugity . Moreover, some par-
ticipants state that the need for the model varies according to the rules. One participant speci ed,
“A tool would be useful for assessing and Itering 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 agged something.
For simpler rules like clutter, depth, or no jokes then | would like to see a tool which is able
to ag the majority of comments which break the rule$he same participant also pointed out
that they would not use a model for rules that are inherently subjective between moderators, such
asBasic 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 quanti ed 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 mubstto
important it is scored as two points; assignmentsléss importantare scored as one point.
Rules for which a participant selectabuld not useare not included in the score calculation

but reported separately. Among tB8 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, andSources . 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 ndings 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 moderatBrazacy andHomework with low
recall 27%), andNo 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 recalPlagiarism , NSFW/Sensitive content , and

Depth with recall40 62% andDo not just post links or quotations with
precision69% Besides, the rul®igression , which requires high precision, has low preci-
sion from both models58%and64%). Though some rules are distinct fdgAskHistoriange.g.,
Homework), many rules are also enforced in other subreddit communities. For example, among

the 523 subreddits studied by Fiesler et al. [20B8P0have rules on off-topic content (similar to

93



theDigression  rule in our study) an@7%have rules on NSFW content. Hence, our ndings
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
signi cant enthusiasm and exibility about having moderation assistants. People are used to
working with tools that may not be perfect, and they are skilled at nding ways to make the most
of them. In our ndings, 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.gPlagiarism  andDigression ) or subjective rules (e.@asic facts and
Scope ), moderators prefer model explanations over mere agging of violations.

Finally, this study showcases the importance of involving direct stakeholders (e.g. modera-
tors) in the design and development loop for Al 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/AskHistorianscommunity. 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 ndings 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 SeelmanKyungjun Le&, Hal Daumé Ill. 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 bene cial for visually impaired people in answering their
guestions about the visual world in real-time. For simplicity, we call the former waeghine
understanding VQAhenceforth omitting the scare quotes) and the latteessibility VQAThe
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 signi cantly more speci ¢ (with one question even
explicitly stating that it's already obvious that this is a can of food), more verbal, and signi cantly
less arti cial (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 nd 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 signi cant anthieasing(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 over tting.

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 nd 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 signi cant 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 identi ed the common vision skills needed
for both scenarios and quanti ed the dif culty of these skills for both humans and computers on
both datasets.

Gurari et al. [2018], who published a very rst visual question answering (VQA) dataset,
“VizWiz” containing images and questions from people with visual impairments, pointed out
the arti cial setting of other VQA datasets that include questions that are arti cially created by

random sighted people. The VizWiz challenge is based on real-world data and directs researchers
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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 rst 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 bene t 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 arti cially created data and the dataset containing real-world application data present across
differnet VQA models. More speci cally, 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 leaderbdaidclude 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 tak¥@#-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,
guestions 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

Shttps://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 YheWiz 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@Qalv2-
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 scb@e Gftherwise, the
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accuracy score is the number of ground-truth answers matched, divided by three:

_# matches

accuracy= min 1, 3 (4.1)

4.2.3.3 Models

All of the following models approach the problem as a classi cation 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 simpli ed

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 nds 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 signi cantly 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 datastli®9 while the answer space of

the VizWiz dataset i§; 371, which is provided by Pythia Jiang et al. [2018].

Implementation details. We use three different code bases for our evaluation: OpertyQA
Pythi?, and ALBEF. 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 x the default accuracy
metric implemented in OpenVQA, which is silently incompatible with the VizWiz data format,

consistently underscoring predictions.

"https://github.com/MILVLG/openvqga,
https://github.com/allenai/pythia,
https://github.com/salesforce/ALBEF.

103



Figure 4.6: Model accuracy on the VQA-v2 dataset and the VizZWiz 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\\Vi2 and trained on VQA-v2
and netuned with VizWiz YizWiz-f). 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 toW@pd-v2-sm

to understand the effect of dataset size in the VQA performance.

104



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 £.60verall, 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-
proved10%(from 65:2%to 71:6% accuracy), resulting in a similar improvementld%(43:8%
to 48:8%) on VizWiz without ne-tuning and 30%39%to 50:8%) on VizWiz with ne-tuning.

The models ne-tuned from VQA-2 to VizWiz (i.e., VizWiz-ft) do not signi cantly 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-vRavetranslated into improvements on VizWiz, whereas the per-
formance gap between the two datasets are still signi cant.

However, when controlling for dataset size, we see an improveme#2%i(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.

105



Label % De nition

ObjRec 56.7% object recognition
TextRec 29.0% text recognition
ColRec 13.3% color recognition
Count 1.0% counting

Vision

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
Image-Question 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.

624%) on VQA-v2-sm, where the training data is capped at the size of VizWiz, a substantially
larger improvement than thEl%seen on VizWiz (the result on VizWiz with ne-tuning is not
comparable here, because itis ne-tuned from the full VQA-v2 dataset). This appears to demon-
strate a signi cant “over tting” effect, as both VQA-v2-sm and VizWiz start at almost exactly
the same accuracyt88% and43:2%) but performance on VQA-v2-sm improves signi cantly

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 speci cally, 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®étbcuracy score. Red color represents the
number of data examples ALBEF gdscore on while red plus blue color represents the number
of data examples MFB gditscore on.

VQA Challenge Datasets In our rst 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 fron39:0% (MFB) to 50:8% (ALBEF). To do this, we make use of
two meta-data annotations of a subset of the VizWiz validation datdsbtdata examples):
one labels each example with thision skillsrequired to answer that question Zeng et al. [2020],
the second labels each with aspects ofith@ge-questiomombination that are challenging Bhat-
tacharya et al. [2019]. Both of these papers investigate the challengasrfotators 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 ve 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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