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Abstract 

Responsible Language Model Design for Complex Populations 

By  

Eve Fleisig 

 

Doctor of Philosophy in Computer Science 

University of California, Berkeley  

Professor Dan Klein, Chair 

Professor Alane Suhr 

Professor Irene Chen 

 

 

Despite their increasingly widespread usage, large language models (LLMs) do not meet all needs of 
all users in practice. How can we bridge this gap to design LLMs that work reliably and fairly for the 
broad range of real LLM users? I present research tackling this problem at three stages of model design. 
First, I discuss how to build LLMs that leverage disagreement among user preferences to work for 
entire populations of users, using that disagreement as signal to improve model training and evaluation. 
Then, I discuss designs for rigorous evaluations to extricate challenging harms that diverse users face 
when using LLMs. Finally, I discuss addressing core technical failures of LLMs, such as miscalibrated 
confidence, to reduce downstream risks when models are deployed to users with different needs. 
Combined, these interventions facilitate building LLMs that minimize societal harms, and maximize 
benefits to a wider range of real-world users.
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“I propose to raise a revolution against the lie that the majority has the monopoly of the truth…. 
The majority has might on its side—unfortunately; but right it has not.” 

– Henrik Ibsen, An Enemy of the People 

 

Debajo de las sumas, un río de sangre tierna; 
un río que viene cantando 

por los dormitorios de los arrabales… 

Pero yo no he venido a ver el cielo. 
He venido para ver la turbia sangre, 

la sangre que lleva las máquinas a las cataratas… 

Yo denuncio a toda la gente 
que ignora la otra mitad. 

– Federico García Lorca, “New York (Oficina y denuncia)”   

 

Any human power can be resisted and changed by human beings. 

– Ursula K. Le Guin   
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Introduction 

Like many technologies whose effects are far-reaching and whose full ramifications remain uncertain, 
language models are built on a simple idea: combining prediction and aggregation. Prediction involves using 
large amounts of text to create accurate statistical models for an outcome–e.g., the next word of a text, 
or the label for a classification. Prediction is the most immediately salient function of language models. 

Aggregation, in contrast, tends to go unspoken, yet it is the powerful simplifying assumption that allows 
accurate prediction to occur. Language models synthesize increasingly large amounts of data in order 
to create more powerful predictions–but many pieces of information  must be synthesized into one 
outcome. Many documents in the training data contribute to a language model response, or 
classification label. Feedback from many users contributes to the fine-tuning of a single language 
model. Many crowdworkers contribute to the filter that returns a single outcome on whether a 
language model generation is acceptable, or not. 

Aggregation is powerful because it cleans up the messy real world into averaged opinions and 
synthesized information, which permits the creation of one model built on the work of many. 
However, this process comes at a cost, distributed across the many stages of language model 
development, that underlies many of the ethical concerns that people increasingly raise about the role 
of AI in society. Some of these concern how the beliefs and labor of a complex population should 
be used as input to a language model. When many people contribute work to the model, who gets 
credit or compensation? What gets flattened when people disagree on an issue, but the language model 
can only give one response based on their opinions? Other concerns touch on how a complex 
population can evaluate whether the resulting language model works for them, and steer it 
accordingly. How can a large population of users steer the behavior of a language model to work for 
them, when these models are largely controlled by single corporations? How do you govern a tool 
used by millions worldwide across many applications? Finally, many concerns are linked to how these 
technologies should be deployed and implemented to complex populations in the real world. 
When the range of users expands, so do the resulting issues: how do we prevent kids in schools from 
overusing language models to the detriment of their education, or ensure that experts in a field don’t 
override their own knowledge in favor of a language model’s hallucinated opinion? 

This dissertation presents a series of such interventions at different stages of the language model 
lifecycle. Chapter 1 deals with the training phase: how do we learn from a population, when that 
population might disagree? I discuss approaches to learning from complex populations that involve 
using labels from individuals as signal during training. Chapter 2 considers the immediate implication 
of learning from a population: if many opinions matter, and there is no longer a single right answer, 
how can we evaluate progress? I draw on social choice theory, which studies the evaluation of 
elections–another process of aggregation without a single right answer–to present two ways in which 
explicitly considering aggregation is helpful: first, to evaluate reinforcement learning from human 
feedback; and second, to study the trustworthiness of large-scale public model evaluations. Chapter 3 
takes another angle on language model evaluation for diverse populations, drawing on linguistics 
instead of social choice: how do we evaluate language models that are meant to function for people  

 
 



 

 

 x 
who use language in many different ways? I present my research evaluating dialect discrimination in 
language models and demonstrating how language models can perpetuate stereotypes of people who 
speak differently. Finally, Chapter 4 considers issues at the deployment stage through a case study 
regarding confidence calibration: how can we ensure that language models aren’t confidently and 
unpredictably incorrect, by evaluating them against humans on the same confidence calibration task? 

The scope of interactions between language models and society has dramatically increased since the 
early stages of this work. Language models now raise concerns regarding broad, high-stakes areas 
ranging from labor (what happens if workers are fired in favor of AI?) and politics (could the increased 
ease of generating misinformation sway societal opinions?), to the environment (what are the water 
and energy costs of using language models?) and mental health (what happens to people’s sanity if 
they overuse AI?). Many of these overarching concerns reveal a desire to safeguard collective resources 
that serve many people–such as a government or the planet–or to ensure that individuals don’t lose 
their agency, dignity, and well-being for a distant and uncertain “greater good.” Thus, this work aims 
to make sense of the interaction between language models and collective entities, as well as with 
individuals experiencing harms. I aim to present interventions that can serve as a first step for the 
broader mission of meeting individuals’ varied needs, and preserving or improving the things we 
collectively value, in the presence of AI. 

  



 

 

1 

Chapter 1 
Learning from Disagreement 
 
How can language models learn from a complex population with differences in opinion? 
Longstanding machine learning paradigms buried that disagreement through majority-vote labels, 
obscuring minority opinions. However, as language models take on a larger range of subjective tasks, 
that disagreement can serve as signal rather than noise. In Section 1.1, I describe an approach to 
learning from annotator disagreement by training on individual labels. In Section 1.2, I take a step 
back to discuss the broader ramifications of these perspectivist approaches that go beyond a single 
ground truth, and how we can use them to alter how we design natural language processing systems. 

1.1 When the Majority is Wrong: Modeling Annotator Disagreement 
for Subjective Tasks 

1.1.1 Section Summary 

Though majority vote among annotators is typically used for ground truth labels in machine learning, 
annotator disagreement in tasks such as hate speech detection may reflect systematic differences in 
opinion across groups, not noise. Thus, a crucial problem in hate speech detection is determining if a 
statement is offensive to the demographic group that it targets, when that group may be a small 
fraction of the annotator pool. We construct a model that predicts individual annotator ratings on 
potentially offensive text and combines this information with the predicted target group of the text to 
predict the ratings of target group members. We show gains across a range of metrics, including raising 
performance over the baseline by 22% at predicting individual annotators’ ratings and by 33% at 
predicting variance among annotators, which provides a metric for model uncertainty downstream. 
We find that annotators’ ratings can be predicted using their demographic information as well as 
opinions on online content, and that non-invasive questions on annotators’ online experiences 
minimize the need to collect demographic information when predicting annotators’ opinions.  

1.1.2 Introduction 

For many machine learning tasks in which the ground truth is clear, having multiple people label 
examples, then averaging their judgments, is an effective strategy: if nearly all annotators agree on a 
label, the rest were likely inattentive. However, the assumption that disagreement is noise may no 
longer hold if the task is more subjective, in the sense that the ground truth label varies by person. 
For example, the same text may truly be offensive to some people and not to others (Figure 1.1.2.1). 
Recent work has questioned several assumptions of majority-vote aggregated labels: that there is a 
single, fixed ground truth; that the aggregated judgments of a group of annotators will accurately 
capture this ground truth; that disagreement among annotators is noise, not signal; that such 
disagreement is not systematic; and that aggregation is equally suited to very straightforward tasks and 
more nuanced ones (Larimore et al., 2021; Palomaki et al., 2018; Pavlick and Kwiatkowski, 2019; 
Prabhakaran et al., 2021; Sap et al., 2022; Waseem, 2016). 
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Figure 1.1.2.1  Majority vote aggregation obscures disagreement among annotators due to their lived experiences and other factors. Modeling 
individual annotator opinions helps to determine when the group targeted by a possibly-hateful statement disagrees with the majority on whether 
the statement is harmful. 

In tasks such as hate speech detection, annotator disagreement often results not from noise, but from 
differences among populations, e.g., demographic groups or political parties (Larimore et al., 2021; 
Sap et al., 2022). Thus, training with aggregated annotations can cause the opinions of minoritized 
groups with greater expertise or personal experience to be overlooked (Prabhakaran et al., 2021).  

In particular, annotators who are members of the group being targeted by a possibly offensive 
statement often differ in their opinions from the majority of annotators who rate the text. Because 
these annotators may have relevant lived experience or greater familiarity with the context of the 
statement, understanding when and why their opinions differ from the majority can help to capture 
cases where the majority is wrong or opinions are truly divided over whether the example is offensive.  

We construct a model that predicts individual annotators’ ratings on the offensiveness of text, as well 
as the potential target group(s)1 of the text, and combines this information to predict the ratings of 
target group members on the offensiveness of the example. Compared to a baseline that does not 
model individual annotators, we raise performance by 22% at predicting individual annotators’ ratings, 
33% at predicting variance among annotators, and 22% at predicting target group members’ aggregate 
ratings. We find that annotator survey responses and demographic features allow ratings to be 
modeled effectively, and that survey questions on annotators’ online experiences allow annotators’ 
ratings to be predicted while minimizing intrusive collection of demographic information.  

 
1 Throughout the paper, we use “target group” or “target groups” to mean the demographic groups to 
which a text may cause harm, i.e., the groups that are the subject of the text’s stereotyping, demeaning, 
or otherwise hateful content.  
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1.1.3 Motivation and Related Work  

Our work draws on recent studies that investigate the causes of disagreement among annotators. 
Pavlick and Kwiatkowski (2019) and Palomaki et al. (2018) note that disagreement among human 
annotations is not necessarily noise because there is a plausible range of human judgments for some 
tasks, rather than a single ground truth. Waseem (2016) finds that less experienced annotators are 
more likely to label items as hate speech than more experienced ones. When evaluating gang-related 
tweets, domain experts’ familiarity with language use in the community resulted in more informed 
judgments compared to those of annotators without relevant background (Patton et al., 2019). 
Annotator perception of racism varies with annotator race and political views (Larimore et al., 2021; 
Sap et al., 2022) and awareness of speaker race and dialect also affects annotation, such that annotators 
were less likely to find text in African-American English (AAE) offensive if they were told that the 
text was in AAE or likely written by a Black author (Sap et al., 2019).  

In addition, aggregation obscures crucial differences in opinion among annotators. For example, 
aggregated labels align more with the opinions of  White annotators than those of Black annotators 
because Black annotators are underrepresented in typical annotation pools (Prabhakaran et al., 2021).  

This motivates our first objective, identifying crucial examples where target group members disagree. 
Disagreement among annotators may stem from a variety of sources, including level of experience, 
political background, and background experience with the topic on which they are annotating. That 
is, only some disagreement stems from the annotators who disagree being better-informed annotators 
or key stakeholders. We argue that if a statement may stereotype, demean, or otherwise harm a 
demographic group, members of that demographic group are typically well-suited to determining 
whether the statement is harmful: both from a normative standpoint, as they would be the group most 
affected, and because they likely have the most relevant lived experience regarding the harms that the 
group faces.  

However, majority vote aggregation often obscures the opinion of the demographic being targeted by 
a statement, and so explicitly modeling the opinion of the target group provides a useful source of 
information for downstream decisions. Thus, finding cases where members of the group targeted by 
a harmful statement disagree with the majority opinion is crucial to determining whether the majority 
opinion is actually a useful label on a particular example, and provides a vital source of information 
for downstream decisions on whether content should be filtered. We address this by constructing a 
model that predicts the target group(s) of a statement, then predicts the individual ratings of 
annotators who are target group members (Section 1.1.4).  

Drawing on earlier approaches such as Dawid and Skene (1979), newer work has used disagreement 
between annotators as a source of information. Fornaciari et al. (2021) use probability distributions 
over annotator labels as an auxiliary task to reduce model overfitting; Plepi et al. (2022) draw on 
personalization methods to predict individual annotator labels. Davani et al. (2022) use multi-task 
models that predict each annotator’s rating of an example, then aggregate these separate predictions 
to produce a final majority-vote decision as well as a measure of uncertainty based on the variance 
among predicted individual annotators’ ratings of the example. Wan et al. (2023) directly predict the 
degree of disagreement among annotators on an example using annotator demographics, and simulate 
potential annotators to predict variance in the degree of disagreement. Gordon et al. (2022) predict 
individual annotator judgments based on ratings linked to individual annotators and annotators’ 
demographic information. For each example, their system returns a distribution and overall verdict 
from a “jury” of annotators with demographic characteristics chosen by an evaluator in an interactive 
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system.  

These approaches motivate our second objective, using disagreement as an independent source of 
information. Previous work, such as Gordon et al. (2022), uses human-in-the-loop supervision to find 
alternatives to aggregated majority vote. Since human judgments depend on the person’s background 
and level of experience with the language usage and content of a text, not all evaluators may be able 
to correctly identify the target group to select an appropriate jury; their own background may also 
influence their jury selection (e.g., through confirmation bias) and thus the final system judgment. 
Gordon et al. (2022) investigate the benefits of the interactive approach; we extend on this work to 
examine the question of how to account for an notator disagreement without human-in-the-loop 
supervision. Our model directly identifies the target group(s) of a statement and predicts the ratings 
of target group members, providing an independent source of information about possible errors by 
the majority of annotators. Our model’s predictions can be used as a source of information by human 
evaluators in conjunction with human in-the-loop approaches, or function independently (Section 
1.1.4.1).  

Our third objective considers how to minimize collection of annotators’ demographic or identifiable 
information. Using individual annotator IDs that map annotators to their ratings permits fine-grained 
prediction of individual annotator ratings. However, this information is often unavailable (e.g., in the 
data used by Davani et al., 2022) and its collection may raise privacy concerns for sensitive tasks. Our 
method uses demographic information and survey responses regarding online preferences to predict 
annotator ratings without the need to individually link responses to annotators (Section 1.1.5.1).  

In addition, approaches to predicting annotator opinions that rely on extensive collection of 
demographic information also raise privacy concerns, particularly when asking about characteristics 
that are the basis for discrimination in some environments (e.g., sexual orientation). Thus, an open 
question is whether annotator ratings may be predicted while using less invasive questions and 
minimizing unnecessary demographic data collection. We find that survey information about online 
preferences provides an extremely useful alternate source of information for predicting annotator 
ratings, while remaining less invasive and thus easier to obtain than extensive demographic questions 
(Section 1.1.5.2).  

1.1.4 Approach  

Our approach consists of two connected modules that work in parallel. Given information about the 
annotator and the text itself, the rating prediction module predicts the rating given by each annotator 
who labeled a piece of text (Figure 1.1.4.1, in red). For this prediction task, we used a RoBERTa-based 
module (Liu et al., 2019) initially fine-tuned on the Jigsaw toxicity dataset, which we then fine-tuned 
on the hate speech detection dataset from Kumar et al. (2021). The target group prediction module 
predicts the demographic group(s) harmed by the input text (Figure 1.1.4.1, in blue). For this 
prediction task, we fine-tuned a GPT-2 based module on the text examples and annotated target 
groups from the Social Bias Frames dataset (Sap et al., 2020). At test time, our model predicts the 
target group for the input text, then predicts the rating that the members of the target group would 
give to that text (Figure 1.1.4.1, in purple).  

1.1.4.1 Individual Rating Prediction Module  

Motivated by the question of whether information about participants besides directly tracking their 
judgments (e.g. with IDs) can help to predict participant judgments, we experimented with inclusion 
of two kinds of annotator information: (1) demo graphic information and (2) responses to a survey 
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indicating annotator preferences and experiences with online content.  

We obtained this information from Kumar et al. (2021)’s dataset, in which each example is labeled by 
five annotators and each annotator labeled 20 examples. For each annotator label, demographic 
information is provided on the annotator’s race, gender, importance of religion, LGBT status, 
education, parental status, and political stance. The annotators also completed a brief survey on their 

 

Figure 1.1.4.1  Structure of our approach. Given a piece of text and the annotator’s demographic information and survey responses, the rating 
prediction module predicts the rating given by each annotator who labeled a piece of text (red). The target group prediction module predicts the 
demographic group(s) harmed by the input text (blue). At test time, our model predicts the target group for the input text, then predicts the rating 
that the members of the target group would give to that text (purple). 

preferences regarding online content, including the types of online content they consume (news sites, 
social media, forums, email, and/or messaging); their opinion on how technology impacts people’s 
lives; whether they have seen or been personally targeted by toxic content; and their opinion on 
whether toxic content is a problem.  

For these predictions, the input is formatted as: s1 . . . sn [SEP] d1 . . . dn [SEP] w1 . . . wn 

where s1 . . . sn is a template string describing the annotator’s survey responses (examples in Appendix 
A), d1 . . . dn is a template string contain ing the annotator’s demographic information (e.g., “The 
reader is a 55-64 year old white female who has a bachelor’s degree, is politically independent, is a 
parent, and thinks religion is very important. The reader is straight and cisgender”), w1 . . . wn is the 
text being rated, and [SEP] is a separator token. We use a template string instead of categorical 
variables in order to best take advantage of the model’s language pretraining objective (e.g., underlying 
associations about the experiences of different demographic groups).  

The model is then trained on the regression task of predicting every annotator’s rating (from 0=not 
at all offensive to 4=very offensive) on each example that they annotated. We use MSE loss with each 
annotator’s rating on an example treated as a separate training point. To compare with the information 
provided by individual annotator IDs, we additionally trained versions of the model where the input 
is prepended with an assigned ID corresponding to a unique set of user responses.2  

At test time, we evaluated performance of this module on the Kumar et al. (2021) dataset using the 
mean absolute error (MAE) of predicting individual annotators’ ratings and MAE of predict ing 
aggregate ratings for an utterance (following Gordon et al., 2022, who evaluated on the same dataset). 

 
2 The original responses in the dataset do not provide IDs, but we found that fewer than 9% of the 
unique sets of survey and demographic responses corresponded to more than one annotator, so we 
assigned IDs to unique sets of responses. 
 



 

 

6 
We also evaluated the MAE of predicting the variance among individual annotator ratings, which 
provides a measure of uncertainty for model predictions (Davani et al., 2022): if there is high variance 
among the labels that different annotators are predicted to assign to a piece of text, this can signal that 
there is low model confidence about whether the text is harmful, or perhaps enough dis agreement 
among the general population that the text should be rerouted to manual content moderation.  

For each of these metrics, we hypothesized that modeling individual annotators’ ratings with added 
survey and demographic information would reduce error relative to the baseline, which predicts anno 
tators’ aggregate ratings of a piece of text using the average rating as the ground truth (the typical task 
setup for hate speech detection).  

1.1.4.2 Target Group Prediction Module  

The second module predicts the target group(s) of the input text.3 Following Sap et al. (2020), we used 
a GPT-2 based module that takes in as input:  

w1 . . . wn [SEP] t1 . . . tn 

where w1 . . . wn is the text being rated and t1 . . . tn is a comma-separated list of target groups. During 
training, this module predicts each token in the sequence conditioned on the previous tokens, using 
GPT-2’s standard language modeling objective. This model was fine-tuned on the text examples and 
target groups from the Social Bias Frames dataset of hate speech (Sap et al., 2020).  

This module generates a free-text string of predicted target groups, used instead of a categorical 
prediction because there is a long tail of many specific target groups. After the model produces this 
free-text string, it standardizes the word forms of the list of target groups using a mapping from a list 
of word forms or variants of a demographic group (e.g., “Hispanic people”, “Latinx folks”) to one 
standardized variant ("Hispanic"), taken from the list of standardized demographics in Fleisig et al. 
(2023). Our model then uses string matching between this list of target groups and the template strings 
describing annotator demographics to find the set of annotators who are part of any of these target 
groups.  

To provide information about the opinion of the group potentially being harmed by a text example at 
test time, the model combines the outputs of the target group prediction module and the rating 
prediction module by (1) predicting the target group of a text example and (2) predicting the individual 
ratings for all annotators in the predicted target group (Figure 1.1.4.1, in purple). To evaluate model 
performance, given a text example x, we examine the predicted individual ratings for all annotators in 
the predicted target group of x who provided labels for that example.  

Appendices A and B contain additional details on model training for reproducibility.  

1.1.5 Results  

The key hypotheses we aimed to test were: Can we predict the ratings of individual annotators, using 
only their demographic information and information about their opinions on online content, without 

 
3 In theory, it is possible to train both modules simultaneously, end-to-end. We trained them separately 
because at the time of writing, to our knowledge, there was no single dataset that contained sufficiently 
extensive information on annotators’ demographic information, ratings from individual annotators, 
and labels for the predicted target group of the text. 
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a specific mapping from each annotator to the statements they annotated? To measure this, we 
examine how well the individual rating prediction module predicts individual annotators’ information 
given demographic information and/or survey responses, compared to a baseline that does not use 
information about the annotators (Section 1.1.5.1).  

Can we minimize unnecessary collection of information about annotators, while still accurately 
predicting their ratings? To examine this, we train models that omit some survey and demographic 
information and measure their performance to investigate what information contributes most to the 
accuracy of model predictions (Section 1.1.5.4).  

Most importantly, given a statement that may target a specific demographic group, can we predict the 
ratings of target group members on whether the statement is harmful? We evaluate the full model’s 
performance at predicting the ratings of target group members on a statement (predicting the target 
group + predicting the ratings of that group’s members). To measure performance on this task, we 
examine the model error at predicting the ratings given by annotators who labeled examples where 
they themselves were members of the group targeted by the example (Section 1.1.5.2).  

1.1.5.1 Individual Rating Prediction Module  

We evaluated the performance of our rating prediction module with different information about the 
annotators provided as input (combinations of demographic information, survey responses, and 
annotator IDs). Table 1 gives the mean absolute error on predicting annotators’ individual ratings, the 
aggregate ratings for all annotators who labeled an example, and the variance between annotators 
labeling an example. We found that both demographic information and survey responses are useful 
predictors of annotator ratings, as adding either demographic or survey information results in a 10% 
improvement at predicting individual annotators’ ratings. Combining both sources of information 
results in the most accurate predictions: the model that includes both survey and demographic 
information raises performance over the baseline by 22% at predicting individual annotators’ ratings 
and 33% at predicting variance among all the annotators who rated an example.  

Our best model for individual rating prediction also improves performance at predicting aggregate 
ratings (by taking the average of the predicted individual annotators’ ratings), raising performance by 
16% over the baseline. Because this model has access to demographic and survey information about 
the individual annotators who labeled a response, 

 

Model Individual Rating 
MAE 

Aggregate Rating 
MAE 

Variance MAE 

Text only 0.88 0.49 1.16 

  + IDs 0.92 0.51 1.11 

  + demographics 0.79 0.44 1.01 

  + surveys 0.79 0.45 1.00 

  + demographics + 
IDs 

0.85 0.46 1.02 

  + demographics + 
ID + survey 

0.74 0.41 0.84 
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  + demographics + 
survey 

0.69 0.41 0.78 

Table 1.1.5.1.1  Mean absolute error of rating prediction module with different input features. Training with demographic and survey 
information results in the greatest error reduction when predicting individual annotators’ ratings; the aggregate ratings of all annotators who 
labeled an example; and the variance between the annotators who labeled an example. Validation set results can be found in Appendix C. 

 

but the baseline has no information about which subset of annotators labeled an example, this result 
is unsurprising. However, it further supports the hypothesis that even when predicting the aggregate 
rating of several annotators on an example, the aggregate rating of that small subgroup of annotators 
is sufficiently dependent on the subgroup’s back grounds and opinions that taking these into account 
substantially improves accuracy over predicting the rating of the “average” annotator.  

By contrast, inclusion of annotator IDs as a feature may in fact hinder our model’s performance. This 
may be due to the fact that the language model objective does not take full advantage of categorical 
features and is better suited to textual features. This hypothesis is borne out by previous work on the 
same dataset: our model achieves lower error than previous work when using only demographic 
features4 and the input text (individual annotator MAE = 0.77, compared to 0.81 in Gordon et al., 
2022), but not when using demographic features and annotator IDs (individual annotator MAE = 
0.80, compared to 0.61 in Gordon et al.). Thus, compared to previous work, this approach appears to 
make better use of text features, but not of categorical features without meaningful text 
representations.  

1.1.5.2 Target Group Prediction Module  

To evaluate the performance of the target group prediction module on the Kumar et al. (2021) dataset, 
which does not list the demographic groups targeted by the examples, we manually annotated 100 
examples from the dataset’s test set with the groups targeted by the text. We then measured the word 
movers’ distance between the predicted text and the freeform text that annotators provided for the 
group(s) targeted by the example, the accuracy on exactly matching the list of target groups, and 
accuracy on partially matching the list of target groups. The model achieves a word movers’ distance 
of 0.370 on the dataset, exact match accuracy of 58%, and partial match accuracy of 81% (error 
analysis in Appendix C).  

1.1.5.3 Full Model Performance  

To evaluate the overall performance of the model (the target group prediction and rating modules 
together), we had the target group module predict the target groups of the examples in the test set, 
then had the rating prediction module predict the ratings of members of the target group who rated 
that example. This is a harder task than predicting individual ratings across the entire dataset, since 
target group members tend to belong to groups al ready underrepresented in the annotator pool, such 
that there is less training data about their behavior.  

We considered whether the model can accurately estimate the ratings of target group members, which 
is necessary to flag cases where the consensus among target group members differs from that of the 

 
4 We exclude queer and trans status from the demographic information here for even comparisons with 
previous work, which did not include these features.  
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majority, by defining a target offense error metric. Given a set of examples X, where each example xi 
has a target demographic group5 ti, we defined the target offense error as the mean absolute error 

across all xi ∈ X of the members of ti who annotated example xi, where the average rating of the 
members of ti who annotated example xiis at least 1 on a 0-5 scale (i.e., they found the example at 
least somewhat offensive).  

We also evaluated the performance of the combined model at predicting the individual and aggregated 
ratings among annotators who are members of ti, as well as the variance among members of ti when 
two or more of them labeled xi (Table 2). We found that the model achieves an MAE of 0.59 at 
predicting the average rating of the target group (22% improvement over the baseline), 0.73 at 
predicting individual annotator ratings for the target group (18% improvement), and target offense 
error of 0.8 (17% improvement). The model also has an MAE of 1.22 at predicting the variance among 
target group members (28% improvement). This suggests that the model not only captures differences 
in opinion between target group members and non-members, but also variation in opinion between 
members of the target group. This helps to prevent group members from being modeled as a monolith 
and, by providing a sign of disagreement among experienced stakeholders, provides a particularly 
useful measure of model uncertainty in hate speech detection.  

important (individual rating MAE over 1.24). In addition, to understand model performance on text 
targeting different groups, we examined the five target groups with the highest and lowest error rates. 
We found that individual rating MAE was lowest (under 0.35) at predicting ratings on text targeting 
people who were racist, Syrian, Brazilian, teenagers, or millennials, and individual rating MAE was 
highest (over 1.52) at predicting ratings on text targeting people who were well-educated, non-violent, 
Russian, Australian, or non-believers. To understand effects on text targeting intersectional groups or 
multiple groups, we examined the performance for different numbers of target groups and found that 
individual rating MAE changed by no more than 0.02 for text targeting up to four target groups.  

Overall, we found that the model is able to combine its prediction of the target group of a statement 
with predictions of the rating of individual annotators in order to estimate the ratings of target group 
members on relevant examples, and that it does so best when provided with both demographic 
information about the annotators and responses to survey questions about their online experiences. 
We also found that the model accurately predicts target group ratings in the key cases where target 
group members find that the statement is offensive.  

 

Metric (Target Group Only) Baseline Best Model 
(demographics + survey) 

Individual Rating MAE 0.89 0.73 

Aggregated Rating MAE 0.76 0.59 

Variance MAE 1.69 1.22 

Target Offense Error 0.96 0.80 

Table 1.1.5.3.1  Mean absolute error of rating prediction module with different input features. Training with demographic and survey 
information results in the greatest error reduction when predicting individual annotators’ ratings; the aggregate ratings of all annotators who 
labeled an example; and the variance between the annotators who labeled an example. Validation set results can be found in Appendix C. 

 
5 When there are multiple target groups, we define ti as the union of those groups. 
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To understand model performance on annotators from different demographics and text targeting 
different demographics (see also Appendix C), we first examined the five annotator demographic 
groups with the highest and lowest error rates. We found that the model performs best at predicting 
the ratings of annotators who are conservative, non binary, Native American or Alaska Native, Native 
Hawaiian or Pacific Islanders, or had less than a high school degree (individual rating MAE under .66). 
The model performed worst at predicting the ratings of annotators who are liberal, politically 
independent, transgender, had a doctoral or professional degree, or for whom religion was somewhat 
important. 

1.1.5.2 Ablations  

The effectiveness of information on annotator demographics and their preferences regarding online 
content for rating prediction suggests that predicting individual ratings is feasible even when tracking 
individual annotators’ ratings across questions is not possible or excessively obtrusive. However, an 
additional concern is that asking for some types of demographic information (e.g., sexual orientation, 
gender identity) or asking for many fine grained demographic attributes can infringe on annotator 
privacy, making such data collection both harder to recruit for and ethically fraught. For these reasons, 
we trained models that omit some of the survey and demographic information to investigate which 
are most necessary to effectively predict annotator ratings.  

By training models on single features, we found that opinions on whether toxic comments are a 
problem in online settings are the most useful features in isolation for predicting annotator ratings, 
followed by annotator race (Table 3). Using forward feature selection, we also found that a model 
trained on only three features–annotators’ race, their opinion on whether toxic posts are a problem, 
and the types of social media they use–approximately matches the performance of the model trained 
with annotators’ full demographic information at predicting annotator ratings (individual rating 
MAE=0.79). This result suggests that future studies could use more targeted information collection 
to predict individual annotator ratings, reducing privacy risks while minimizing effects on model 
quality. Another potential implication is that for studies with limited ability to recruit a perfectly 
representative population of annotators, it may be most important to prioritize recruiting a 
representative pool of annotators along the axes that have the greatest effect on annotator ratings, 
such as race. 

Demographic information is useful both to predict individual ratings, and to identify annotators who 
are relevant stakeholders for a particular information. For the latter purpose, there is an inherent 
tradeoff between certainty that an annotator is a member of a relevant demographic group, and 
protecting privacy by not collecting that demographic information. However, the use of non-
demographic survey questions may allow practitioners to more finely tune this tradeoff: survey 
questions that cor relate with demographics (e.g. types of social me dia used may correlate with age) 
give partial information without guaranteeing that any single annotator is a member of a specific group. 
In other words, non-demographic survey questions could function a mechanism to tune the tradeoff 
between privacy protection and representation. A caveat is that such proxy variables may introduce 
skews or other issues into data collection, an important issue for future work. Future extensions of 
this research could also consider whether other specific survey questions are more useful for predicting 
ratings, allowing for accurate predictions while avoiding unnecessary collection of annotator 
information.  
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Feature Individual Rating 

MAE 
Aggregate Rating 
MAE 

Variance MAE 

Gender 1.0 0.67 1.2 

Race 0.88 0.48 1.1 

LGBT status 1.0 0.67 1.2 

Education level 1.0 0.57 1.2 

Age 0.98 0.56 1.2 

Political leaning 1.0 0.57 1.2 

Importance of 
religion 

0.92 0.51 1.2 

Impact of tech 1.0 0.67 1.2 

Social media use 1.0 0.67 1.2 

Thinks toxic posts 
are a problem? 

0.87 0.49 1.1 

Personally seen 
toxic content? 

0.95 0.52 1.2 

Race 
+ Thinks toxic 
posts are a 
problem? 
+ Social media use 

0.79 0.44 1.02 

Table 1.1.5.2.1  Performance of models trained on single features. Race and opinion on whether online toxic comments are a problem are the 
most useful individual features for predicting annotator ratings. The model given only annotators’ race + opinion on whether toxic posts are a 
problem + social media usage gives near-identical performance to the model trained with annotators’ full demographic information. 

1.1.6 Conclusion  

We presented a model that predicts individual annotator ratings on the offensiveness of text, which 
we applied to automatically flagging examples where the opinion of the predicted target group differs 
from that of the majority. We found that our model raises performance over the baseline by 22% at 
predicting individual annotators’ ratings, 33% at predicting variance among annotators, and 22% at 
predicting target group members’ aggregate ratings. Annotator survey responses and demographic 
features allow ratings to be modeled without the need for identifying annotator IDs to be tracked, and 
we found that a model given only annotators’ race, opinion on online toxic content, and social media 
usage performs comparably to one trained with annotators’ full demographic information. This 
suggests that questions about online preferences provide a future avenue for minimizing collection of 
demographic information when modeling annotator ratings.  

Our findings provide a method of modeling individual annotator ratings that can support research on 
the downstream use of information about annotator disagreement. Predicting the ratings of target 
group members allows hate speech detection systems to flag examples where the target group 
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disagrees with the majority as potentially mislabeled or as examples that should be routed to human 
content moderation. Understanding the variance among annotators provides an estimate of model 
confidence for content moderation or filtering, facilitating a rapid method of spotting cases where a 
model is uncertain.  

In addition, since opinions within a demographic group are not monolithic, accurately predicting the 
variance among target group members is especially useful: text that generates disagreement among 
people who are typically experienced stakeholders may require particularly attentive care. Potential 
applications of this work that have yet to be explored include improving resource allocation for 
annotation by identifying the labelers whose judgments it would be most useful to have for a given 
piece of text, and routing content moderation decisions to experts in particular areas.  

1.1.6.1 Limitations and Ethical Considerations 

This work was conducted on English text that primarily represents varieties of English used in the 
U.S.; the annotators who labeled the Kumar et al. (2021) dataset were from the United States and the 
annotators who labeled the Social Bias Frames dataset (Sap et al., 2020) were from the U.S. and 
Canada. It remains unclear how to generalize this work to groups that face severe harms (e.g., legal 
discrimination) in the U.S. and Canada or groups that may not face severe harms in the U.S. and 
Canada, but do face severe harms in other countries. For example, in a country where a group faces 
serious persecution, it may be unsafe for members of that group from that country to identify 
themselves and annotate data. In addition, statements that pit perspectives from multiple groups 
against each other (e.g., text stating that members of one group hurt another group) may be more 
difficult to analyze under this framework when multiple potential harms towards different groups are 
at play. Future work could extend this paradigm to uncovering disagreements between multiple groups 
and refining approaches to intersectional groups.  

Predicting opinions of annotators from different demographic groups runs the risk of imputing an 
opinion to a group as a monolith instead of understanding the diversity of opinions within that group. 
Such modeling is no substitute for adequate representation of minoritized groups in data collection. 
To avoid risks of tokenism, we encourage that individual annotator modeling be used as an aid rather 
than a replacement for more diverse and participatory data collection. For example, the model can be 
used to highlight examples for which it would be useful to collect more data from a particular 
community or delegate decisions to community stakeholders rather than automated decision making. 
In addition, improving methods for intersectional demographic groups is an important area for future 
work.  

Modeling individual annotators raises new privacy concerns, since sufficiently detailed collection of 
annotator information may render the annotators re-identifiable. We discuss our findings on some 
approaches to minimizing privacy concerns in Section 1.1.5, and as previous work has noted, 
investigation into techniques such as differential privacy may help to minimize these risks (Gordon et 
al., 2022).  

These questions intertwine with issues of how to collect demographic information, since coarse 
grained questionnaires may erase the experiences of more specific or intersectional subgroups, as well 
as the convergent expertise of different demographic groups that have had overlapping experiences. 
Further research into effective and inclusive data collection could unlock better ways of understanding 
these complex experiences.  
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1.2 The Perspectivist Paradigm Shift: Assumptions and Challenges of 
Capturing Human Labels 

1.2.1 Section Summary 

Longstanding data labeling practices in machine learning involve collecting and aggregating labels 
from multiple annotators. But what should we do when annotators disagree? Though annotator 
disagreement has long been seen as a problem to minimize, new perspectivist approaches challenge 
this assumption by treating disagreement as a valuable source of information. In this position paper, 
we examine practices and assumptions surrounding the causes of disagreement—some challenged by 
perspectivist approaches, and some that remain to be addressed—as well as practical and normative 
challenges for work operating under these assumptions. We conclude with recommendations for the 
data labeling pipeline and avenues for future research engaging with subjectivity and disagreement. 

 

1.2.2 Introduction 

When developing human-labeled data for machine learning (ML) tasks, labels for each example are 
often obtained by collecting annotations from multiple annotators, which are then aggregated to 
provide a single ground truth label per example. However, a line of recent work has illustrated that 
annotators disagree for many reasons, and that capturing this disagreement can improve model 
performance and calibration Fornaciari et al. (2021); Baan et al. (2022), surface minority voices 
Prabhakaran et al. (2021), and uncover task ambiguities Balagopalan et al. (2023); Parrish et al. (2023). 
Researchers have begun to ask: What should we do when people disagree? How can (or should) our 
datasets and models account for different opinions? 

We argue that this new wave of research—which, following Basile et al. (2021), we refer to as the 
perspectivist turn—constitutes a paradigm shift in data collection for ML and offers an opportunity 
to systematically examine the changing landscape. In this position paper, we examine practices and 
assumptions across papers regarding how data is collected from multiple annotators, discuss 
challenges raised by these approaches, and provide recommendations for rethinking data labeling 
when annotators disagree. We offer our own syntheses of observed practices and assumptions in 
natural language processing (NLP), as well as observations drawn from meta-analyses of ML research 
more broadly. 

We first examine what has changed under this paradigm shift: we examine each paradigm’s 
assumptions about the causes and nature of disagreement, and the practical challenges that arise when 
operating under each set of assumptions. We then explore what has not changed, identifying 
normative challenges—questions and assumptions about labeling not yet taken up in this shifting 
landscape. Finally, we offer recommendations for designing data labeling processes that better account 
for annotator disagreement, and avenues for future research. By charting these shifting assumptions 
and practices, we aim to surface the ways in which each paradigm succeeds, or fails, to account for the 
rich tapestry that disagreement can offer. 
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1.2.3 The Longstanding Paradigm 

We characterize the longstanding paradigm of data labeling as work that collects labels on a data 
instance from annotators and aggregates them with the goal of capturing underlying ground truth 
labels Snow et al. (2008); Nowak and Rüger (2010).1By contrast, work in the perspectivist paradigm 
treats variation among annotator labels as a source of meaningful information Basile et al. (2021); 
Plank (2022). We first examine assumptions about the causes of disagreement and challenges faced 
under the longstanding paradigm. 

1.2.3.1 What Causes Disagreement? 

In this section, we examine longstanding practices and assumptions about the causes and nature of 
disagreement, which the perspectivist paradigm challenges. Under the longstanding paradigm, 
annotator disagreement is often characterized as an issue of label quality, particularly when 
crowdsourcing labels Nowak and Rüger (2010); Artstein (2017). Disagreement is often attributed to 
“subjective,” confusing, or inherently ambiguous tasks Aroyo and Welty (2014), or to low-quality 
(inexperienced, uninformed, or biased) annotators (Hsueh et al., 2009; Nowak and Rüger, 2010). 
Because spam or inconsistency is common, collecting multiple labels per example and measuring inter-
annotator agreement can serve as a guarantee of data quality. 

Perspectivist approaches have re-evaluated several of these practices and their underlying assumptions. 
Here, we discuss three such practices: attributing disagreement to bias or ineptitude, requesting labels 
out of context, and restricting discussion of disagreement to “subjective” tasks. 
 

Assumption: Disagreement is due to biased or inept annotators and thus noise to eliminate. 

In a review of annotator diversity in data labeling, Kapania et al. (2023) find that ML practitioners 
“conflated…diversity with bias, viewing it…as a source of variability to be corrected or technically 
resolved” and attributing it to “unsatisfying work quality, or worse, questionable work ethics.” 
Synthesizing previous work, we argue that this assumption stems from (1) a conflation between “bias” 
in the statistical sense and societal sense, and (2) a belief that meaningful differences of opinion only 
arise due to technical expertise or work quality. 

Disentangling annotator “bias.” Recent work exhibits a conflation between two senses of the word 
bias: (i) a statistical sense (as in “bias-variance tradeoff”), meaning the difference between the expected 
value of an estimator and its actual value, and (ii) a psychological or societal sense, meaning prejudicial 
discrimination against a person or group (e.g., Narimanzadeh et al., 2023; Hube et al., 2019; Li et al., 
2020). Kapania et al. (2023) find that practitioners “were unable to distinguish minority opinions from 
‘noise’ that deviated from instructions.” If the mean label m of a group of annotators is considered the 
ground truth for a data example, then an annotator whose label is far from m is statistically biased. Yet, 
we argue, it does not follow that the annotator must be societally biased: for example, if the annotator 
is a member of an affected community who knows more than other annotators about the context of 
the example being labeled, it may instead be the mean label that is societally biased. Since disagreement 
manifests as statistical bias, which is equated with societal bias, all disagreement is undesirable under 
this assumption. 

Disentangling “expertise.” Though machine learning acknowledges the value of “expert 
annotators”—generally people with prior training in an area, or quantifiable knowledge such as fluency 
in a language—Kapania et al. (2023) find that annotators are rarely recruited “based on their lived 
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experiences, knowledge, or expertise as facets of diversity.” When lived experience is not seen as a 
legitimate source of expertise, disagreement on that basis is more easily ascribed to “bias” than well-
informed but different views. Multiple studies have indeed found that annotator opinions vary based 
on factors related to lived experience, including demographics, political views, and community 
membership Patton et al. (2019); Larimore et al. (2021); Sap et al. (2019). These findings indicate that 
lived experiences shape people’s judgments, and therefore that “non-experts” with different 
backgrounds can disagree without being “low-quality” annotators. In turn, this suggests that such 
disagreement ought to be treated as meaningful in its own right. 

Practice: Annotators rarely receive task context. 

Data labeling tasks often give annotators minimal context when labeling data Fortuna et al. (2022), thus 
implicitly treating such context as irrelevant to annotators’ decision making. Nevertheless, context can 
greatly change annotator behavior; for example, in hate speech detection, giving annotators context 
about text authors’ probable race or language variety changes annotator judgments Sap et al. (2019), 
while in machine translation, detailed instructions increase annotator agreement Popović (2021). 
Information given to annotators about how labels will be used also affects their judgments, even with 
no change in the data being labeled: Balagopalan et al. (2023) ask annotators to do the same task framed 
as a factual classification or as a judgment of whether a norm was violated (e.g., whether an outfit 
matches a description or breaks a dress code based on the same description), and find that annotators 
are “less likely to say that a rule has been violated than to say that the relevant factual features…are 
present.” This suggests that annotators account for potential consequences that are salient to them—
e.g., penalizing people for breaking a dress code. Thus, annotators’ assumptions about task context—
which under the longstanding paradigm have typically remained implicit—may represent an overlooked 
source of meaningful disagreement. 

Indeed, recent work has indicated that annotators are aware of the impact of the assumptions they 
make on decontextualized tasks, and sometimes request more granular instructions and context. 
Surveying Mechanical Turk workers on the types of information that help on confusing tasks, Huang 
et al. (2023) find that over 50% of annotators want more context on annotations, and over two-thirds 
believe that knowing the purpose of the labeling task would help them. 

Assumption: Disagreement is limited to “subjective” tasks.  

It is tempting to assume that disagreement is limited to tasks based on personal opinions, such as 
those that involve the quality of art or text, or those that touch on sociocultural norms, such as 
offensive speech detection. Yet disagreement arises even in seemingly clear-cut tasks, such as natural 
language inference (NLI) Pavlick and Kwiatkowski (2019); Jiang and de Marneffe (2022) and semantic 
textual similarity Wang et al. (2023). Geva et al. (2019) find that responses on NLI and question 
answering tasks vary enough by person that annotator-specific models improve downstream task 
performance, while Parrish et al. (2023) find that in image classification, issues such as differing names 
for the same objects in different regions and differing interpretations of a task (e.g., whether a picture 
of a bird counts as a “bird”) result in disagreement. Basile et al. (2021) note other causes of annotator 
disagreement, such as task complexity, annotator proficiency at the task, and cognitive biases. These 
varied factors suggest there is no clear set of tasks that admit no subjectivity or disagreement. 
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1.2.3.2 Practical Challenges under the Longstanding Paradigm 

Having examined this paradigm’s assumptions about the causes of disagreement, in this section we 
accept its goal—to capture a single underlying ground truth annotation per example, ideally the 
broader population’s opinion—at face value and examine technical challenges towards achieving it in 
practice. We argue that even under the longstanding assumption that capturing such a label is possible 
and that annotator disagreement does not reflect meaningfully differing opinions, a number of 
technical challenges across different stages of data labeling continue to make capturing labels difficult. 
Specifically, we suggest that collected labels are not a good proxy for the stakeholder 
population’s views, and that diverse recruitment is not enough, because even uniform sampling 
of the annotator pool with aggregated labels inaccurately models the broader population for several 
reasons: 

Unrepresentative annotator pools. The demographics of crowdworking platforms such as 
Mechanical Turk are not representative of most populations of interest (including system users, 
affected stakeholders, or even the population of the regions from which crowdworkers are recruited). 
For example, U.S. Mechanical Turk workers are disproportionately white and young compared to the 
general U.S. population Pew Research Center (2016). 

Sample error. When small numbers of annotators are recruited relative to the population size, the 
average of their ratings is likely to be farther from the average of the full population Narimanzadeh et 
al. (2023); Geva et al. (2019). This effect is exacerbated when few annotators annotate each data item, 
making it less likely that an annotator with relevant background is assigned to annotate a particular 
item. Moreover, under current crowdsourcing practices, there is often no limit on how many 
annotations one person may do, resulting in datasets that may reflect only the opinions of the most 
prolific annotators Geva et al. (2019). 

Aggregation treating minority opinions as noise results in miscalibrated models. 
Narimanzadeh et al. (2023) note that majority voting always discards data from “minority raters 
holding less popular opinions” and moves the estimated mean further from the true population mean 
by non-randomly discarding ratings. Aggregated judgments have disproportionately high agreement 
with white annotators Prabhakaran et al. (2021), reflecting the fact that aggregated labels typically 
reflect the opinions of groups with higher representation and minimize the representation of minority 
opinions. As a result, downstream models are often miscalibrated with respect to diversity of opinions 
between annotators Baan et al. (2022). 

1.2.3.3 Normative Challenges 

While the perspectivist literature has identified and challenged a number of longstanding assumptions 
about disagreement, several longstanding assumptions remain only partially addressed even in 
perspectivist work. 

Sometimes, there is no ground truth. 

The existing paradigm of data labeling implicitly imagines annotation as a process of uncovering the 
single “ground truth” label for the data, using annotators as noisy approximators. However, findings 
across a range of tasks suggest that there is often no such ground truth. This may occur because the 
task is underspecified (e.g., the intent of the data labeling process is not clear enough to the annotators 
to eliminate all ambiguity); the fact that disagreement occurs even in tasks not usually seen as 
“subjective” highlights the difficulty of removing all potential ambiguity. Alternatively, it may occur 
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because reasonable people who fully understand the intent of the annotation could have different 
opinions, leaving the “ground truth” undefined. 

Averaging labels loses information about a population’s values. 

Averaging opinions, e.g., via majority vote, has a millennia-old history as a way of democratically 
aggregating views on an issue Boegehold (1963). However, naively averaging data labels encounters 
serious issues in practice. People are not equally well-informed or culturally grounded for all tasks, nor 
do they face equal consequences from model decisions. Expertise—including less quantifiable factors 
such as lived experience and sociocultural background—is key for many tasks, particularly when a task 
affects a particular community. Yet averaged labels ignore such considerations, resulting in lower-
quality datasets that may disregard those who are most affected. 

1.2.4 The Perspectivist Turn 

Perspectivist efforts argue that longstanding approaches are insufficient when (1) annotators 
frequently disagree in ways that are important to capture, and (2) even with diverse annotator 
recruitment, aggregate labels often fail to adequately represent the true population’s opinions. 
Approaches in the perspectivist turn include training with annotators’ individual labels or pertinent 
details about the annotators and explicitly modeling individual annotators’ behavior (e.g., Davani et 
al., 2022; Gordon et al., 2022; Plepi et al., 2022; Sachdeva et al., 2022); training with probability 
distributions over labels Fornaciari et al. (2021); Uma et al. (2020); calibrating to variance between 
annotators Baan et al. (2022); collecting labels from many annotators Nie et al. (2020); Aroyo et al. 
(2023); and investigating causes of disagreement (e.g., Goyal et al., 2022; Larimore et al., 2021; Pei and 
Jurgens, 2023).2 Here, we explore how perspectivist approaches conceptualize the causes and nature 
of disagreement, as well as emerging practical and normative challenges. 

1.2.4.1 Rethinking Causes of Disagreement 

Perspectivist approaches have challenged many, but not all, of the longstanding assumptions described 
in Section 1.2.3. In this section, we chart how these approaches reconceptualize disagreement. 

 
Perspectivist approaches recognize that annotator demographics and lived experiences can 

result in disagreement. 

Recent studies have examined demographic factors that lead to disagreement, such as race, gender, and 
age, as well as cultural factors such as education, political affiliation, and native language proficiency 
(e.g., Goyal et al., 2022; Thorn Jakobsen et al., 2023; Al Kuwatly et al., 2020; Wan et al., 2023; Pei and 
Jurgens, 2023), with a view toward ensuring that the opinions of people from different backgrounds 
are represented. 

Nevertheless, differences between demographic groups only partly explain disagreement. 

While this work has been important in better understanding where and how disagreement arises, these 
methods often assume that disagreement can be well-characterized by demographic factors alone. 
However, recent work suggests that non-demographic factors are more probable sources of 
disagreement than some demographic factors across multiple tasks. Many demographic factors do not 
appear to be good predictors of disagreement across all tasks; Orlikowski et al. (2023) find that 
modeling gender, age, education, and sexual orientation in isolation do not predict disagreement 
effectively on a hate speech task, Biester et al. (2022) find no significant differences based on gender 
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across multiple tasks, and Fleisig et al. (2023) find that while race is an important factor in predicting 
disagreement on hate speech detection, factors such as gender and education are not. 

Conversely, factors beyond demographics often cause differences in opinion. These may be task-
specific; for example, social media usage and opinions on whether online toxic content is a problem 
greatly help to predict labels on hate speech detection (Fleisig et al., 2023). Other key factors lie outside 
the scope of what perspectivist work has considered. For example, Miceli and Posada (2022) describe 
“errors” by Venezuelan image labelers due to differences between English and Spanish, since 
translations of some words refer to slightly different set of objects. Such issues suggest that a wide 
range of experiences and perspectives not well-captured by demographics may help to explain 
systematic disagreement between annotators, but only some of these have been explored. 

Regardless of the predictive power of demographics, understanding the opinions of stakeholders from 
a range of demographic backgrounds is a key contribution of perspectivist work: both because it is 
important that people from a range of different backgrounds be heard even if they often agree, and 
because views on more specific topics can vary along demographic axes even if they are not relevant 
for every item in a dataset. However, widening the scope of potential causes of disagreement would 
deepen our understanding of why disagreement occurs, improve modeling of annotator behavior, and 
help to target annotator recruitment to axes that cause disagreement for specific tasks. 

1.2.4.2 Emerging Practical Challenges 

Perspectivist approaches have re-evaluated many longstanding assumptions in data annotation 
regarding the origins and value of disagreement. However, its new ambitions to engage with the full 
spectrum of human perspectives bring new challenges regarding data quality, data ethics, institutional 
pressures, and personalization. 

 
Assessing data quality while capturing disagreement is difficult but critical. 

A major motivating factor for aggregating multiple annotators’ labels is the concern over spam and 
inattentive or inept annotators, resulting in much research focused on maximizing agreement as a 
metric of data quality (see Section 1.1.3). The tension between preserving all annotator opinions and 
removing “noise” means that perspectivist approaches will face limited use unless alternative methods 
are developed to maintain data quality without discarding disagreement. Promising examples of these 
methods include de Marneffe et al. (2019), which uses clear-cut control samples for which the authors 
are willing to assume that no disagreement could reasonably occur. Deng et al. (2023, Appendix B) 
collect a variety of quality checks from previous work that, besides inter-annotator agreement, include 
completion time Diaz et al. (2018), correlation between similar labels Demszky et al. (2020), and briefing 
or training annotators Akhtar et al. (2021). 

Evaluation still relies primarily on majority-vote labels. 

Plank (2022) notes that a majority of perspectivist papers still evaluate against averaged “gold” labels, 
which undercuts the potential utility of perspectivist methods. We argue that the continued evaluation 
via averaging is a symptom of deeper problem: even if we model diverse annotator opinions, models 
typically produce a single output or classification, and we lack metrics for the quality of that single 
output besides its similarity to the gold aggregated label. That is, despite the more detailed and diverse 
data gathered from perspectivist work, the community lacks methods to evaluate models using that 
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data (though see Section 1.2.4 for approaches beginning to explore such methods). 

Collecting more detailed data requires considering impacts on data subjects. 

Collecting the opinions of minoritized populations could constitute an undue burden on minoritized 
groups, especially if the data collection does not result in a commensurate benefit in terms of quality of 
service for that group. There is also a tradeoff between the richness of collected data and preserving 
privacy of group members. Potential ways forward include learning from less data so fewer data points 
are needed, using privacy-preserving machine learning methods Xu et al. (2021), and engaging with 
community-led methods for preserving data ownership, such as indigenous data sovereignty Kukutai 
and Taylor (2016). 

Participatory approaches conflict with institutional pressures. 

Institutional pressures hinder efforts to collect more representative and complex data, particularly when 
it comes to meaningfully involving participants. Researchers face pressures to collect data quickly, not 
better. By contrast, participatory approaches aim to build mutual, reciprocal relationships; grapple 
explicitly with power dynamics between researchers and participants, as well as between participants; 
engage with specific contexts of use; and rethink what is on the table for participants—for example, 
extending beyond data collection to problem formulation or evaluation Delgado et al. (2023). Thus, 
calls to increase participation may underestimate the extent to which institutional factors discourage 
such approaches. As a result, lowering boundaries to participation through platforms or methods of 
data labeling that improve communication and empower participants is key, as well as pressuring 
institutions to incentivize slower, more thoughtful, and more context-specific (rather than maximally 
portable Selbst et al. (2019)) data collection. 

1.2.4.3 Emerging Normative Challenges 

Perspectivist work exposes longstanding assumptions regarding ground truth and the merits of 
aggregation, but some assumptions still remain implicit in perspectivist approaches. We delineate 
normative challenges that perspectivist work still faces regarding majority-vote labels, the bounds of 
acceptable disagreement, and researcher positionality. 

Perspectivist approaches do not always explicitly take a normative stance. 
Machine learning researchers often do not take explicit stances on what systems ought or ought not to 
do, under the assumption that research is or should be neutral and does not reflect social values or 
researcher perspectives Birhane et al. (2022); Santy et al. (2023). But as emerging perspectivist efforts 
aim to engage with the full spectrum of human perspectives, researchers and practitioners will need to 
grapple explicitly with challenging normative questions—does the problem formulation admit a correct 
answer, and (if there is one) whose perspectives form the basis for that answer? Are some perspectives 
prioritized, or they are all weighed equally? 

Engaging explicitly with these questions is especially critical because not doing so may leave important 
assumptions implicit and therefore unavailable for discussion Blodgett et al. (2020), or even cause its 
own harm Talat et al. (2021). For example, in the absence of explicit definitions of hate speech, research 
may instead rely on aggregation of crowdsourced perspectives to decide what constitutes hate speech. 
But such an aggregation may in fact unjustly neglect the views of minoritized groups Thylstrup and 
Talat (2020). 
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We therefore see discussion of these normative questions as essential as the perspectivist literature 
continues to develop. If, as we suggest in Section 1.2.4.2, the community ought to be developing the 
technical machinery to model and evaluate beyond majority vote labels, then as a prerequisite, the 
community must explore what it wants that machinery to model and evaluate. 

Bounds of “acceptable” disagreement typically remain implicit. 

Rottger et al. (2022) distinguish between a descriptive annotation paradigm, in which annotators are 
encouraged to provide subjective opinions without researcher influence, and a prescriptive one, in 
which annotators are encouraged to be “objective” and adhere to strict guidelines. This dichotomy can 
aid researchers in deciding whether disagreement on a data labeling task should serve as a signal that 
the task is underspecified or as valuable information to preserve. 

Many data labeling tasks combine descriptive and prescriptive practices. Task-specific bounds of 
acceptability often define when variation should be preserved: a painting of a bird might be reasonably 
labeled “painting” or “bird,” but not “cat.” Setting these bounds is particularly fraught for tasks 
involving social norms, such as hate speech detection. Understanding where to set guidelines, and 
where to permit variation, is task-specific and difficult. For example, there is widespread disagreement 
over how to operationalize “toxicity” and “alignment,” concepts whose bounds often go unstated 
despite being central to major “subjective” tasks Thylstrup and Talat (2020); Kirk et al. (2023). 
However, without explicitly setting such bounds, we encounter the problems faced under the majority-
vote paradigm: opinions defined nebulously by aggregation result in normative boundaries that are hard 
to pinpoint, let alone contest. These boundaries may thus be difficult to change even when they are 
demonstrably unfair. 

Personalization may not resolve issues of disagreement. 

Increasingly powerful language models present the possibility of personalizing models to individual 
users rather than using a single model to satisfy many different preferences Plepi et al. (2022); Flek 
(2020). We argue that personalization alters issues related to disagreement but does not necessarily 
solve them. While some types of personalization are beneficial (e.g., targeting a scientific explanation 
to students at different levels), others could perpetuate harms (e.g., supporting misinformation that a 
user believes). Personalization does not bypass normative issues, but rather changes the structure of 
the problem: the difficult decision becomes whether and when personalization is appropriate. Here, 
the community might draw on work in recommender systems, in which personalization is a primary 
goal and persistent concerns arise about its appropriate scope and potential harms Ekstrand et al. 
(2012); Wang et al. (2022); Li et al. (2023). 

1.2.4 Recommendations for Practical Challenges 

Annotator disagreement carries implications for all stages of the data labeling process. We provide 
recommendations for each of these stages: 

Before data labeling begins. 

If prescriptive decisions are made about acceptable bounds of disagreement when designing a data 
labeling process, these decisions should be made explicitly. In addition, consider potential axes of 
disagreement for the specific task at hand, such as linguistic or sociocultural differences, ambiguous 
labels, or differences of opinion. Considering these normative questions—who or what is the data 
collection for—and potential sources of disagreement before beginning data labeling can help to design 
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the process so that important differences in opinion are captured, and sources of confusion are 
minimized. 

Recruitment. 

Depending on the extent to which the collected data should reflect the opinions of all stakeholders or 
focus on experts, different best practices for annotator recruitment apply. If the objective is to reflect 
the views of a particular population, such as potential users, it is crucial to recruit a representative 
sample of that group. This may sometimes require additional recruitment efforts to account for 
different demographics’ uneven participation in crowdsourcing. In addition, rather than filtering out 
“noisy” annotators based on whether they disagree with others, alternative filtering strategies such as 
checking intra-annotator agreement Abercrombie et al. (2023) or doing multiple rounds of qualification 
tasks before the main task Zhang et al. (2023) can help to reduce spam without discarding minority 
opinions. 

An intermediate approach might consider stratifying the recruited sample of annotators based on 
important axes of disagreement (e.g., different countries where a model will be used) to upsample 
groups that might otherwise be underrepresented. In addition, for tasks involving different types of 
expertise (e.g., system summarizing medical or legal documents, or a language model giving advice to 
specific communities), consider allocating annotators to items based on their expertise. 

Other considerations apply regardless of the recruited population. Recruiting a large annotator pool 
helps mitigate sample error, and capping annotations per annotator can prevent a dataset from primarily 
reflecting the views of a few annotators. When modeling disagreement, consider collecting annotator 
data specifically about factors likely to cause disagreement for the task at hand. 

Data labeling design. 

Given annotators’ frequent concerns over a lack of task context, and the effects of task context on 
annotator judgments, it is key to give annotators more context when labeling data. This includes what 
the data will be used for (e.g., for what task, for which users) and potential effects of system decisions 
(e.g., whether the system will be used in a punitive way). Furthermore, use disagreement as a signal to 
prompt reflection and iteration on the data labeling process. For example, disagreement can signal 
confusing instructions or an insufficiently rich space of potential labels. In cases where ambiguities 
could cause disagreement (e.g., whether pictures of birds count as birds), or where annotators might 
provide labels not foreseen by task designers (e.g., Sheppard et al., 2023), provide ways for annotators 
to indicate uncertainty, such as an “unsure/unclear” option, and ways to give open-ended feedback so 
that the task can be clarified or expanded. 

Dataset documentation. 

Details on the data labeling process can help future stakeholders to understand factors that might have 
affected annotator judgments. Previous data documentation work has recommended including 
information such as annotator demographics and labeling task instructions (McMillan-Major et al., 
2024) or the original task for which data was collected (Gebru et al., 2021). Expanding on this work, 
we recommend also documenting (i) annotator selection procedures, including the number of 
annotators and restrictions on participation, (ii) the distribution of items labeled per annotator, and (iii) 
any annotator filtering used. Future dataset users can also benefit from describing normative bounds 
imposed on the data labeling process and rationales for discarding any data. Providing non-aggregated 
individual labels when possible also helps to avoid information loss from aggregation. 
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Model design and evaluation. 

Different model objectives aside from accuracy on predicting aggregate labels, such as measuring KL 
divergence between predictions and the distribution of annotator labels, or calibrating to the 
distribution of annotator opinions, allow disagreement to be accounted for during training. During 
evaluation, potential alternatives to using averaged “gold” labels include measuring distributional 
similarity, e.g., with KL divergence, cosine similarity between lists of outputs, or a correlation coefficient 
Nie et al. (2020); Dumitrache et al. (2019); Zhou et al. (2022), evaluating accuracy at modeling individual 
annotators Davani et al. (2022); Resnick et al. (2021), and measuring model calibration to population 
uncertainty Baan et al. (2022). Evaluator disagreement is also a useful signal: if evaluators disagree over 
the quality of a model output, this information can help to pinpoint model weaknesses or reveal 
instances of disparate quality of service for different subgroups. 

1.2.5 Recommendations for Normative Challenges 

In this section, we discuss potential avenues for research aiming to engage annotator disagreement. 

Replace implicit normative decisions with explicit ones. 
Majority-vote aggregation captures the average view of the aggregated population with every annotator 
weighted equally. By contrast, data labeling tasks where some people are clearly better-informed (e.g., 
doctors in medical domains, or speakers of a language for translation) have an implicit “expert-driven” 
framing, in which only some views are solicited. This includes considering lived experience as a form 
of expertise, which can prove critical to successful annotation. We can imagine a spectrum of practices 
ranging from “democratic” to “expert-driven,” with different points along this spectrum suited to 
different situations. For a task requiring medical knowledge, it would be unreasonable to use labelers 
with no medical training; when setting community norms, all community members’ views are 
important. Each data labeling task requires choosing a point on this spectrum. Making this decision 
explicitly, rather than defaulting to majority vote, can help to create decision rules that are easier to 
define and contest. 

Draw on parallel problems from other disciplines. 

The broader questions of how to capture a population’s views, and make decisions based on them, has 
a long history across a range of traditions involving stakeholder participation, from social choice theory 
and mechanism design Arrow (1977); Feldman and Serrano (2006) to value-sensitive and participatory 
design Friedman (1996); Muller and Kuhn (1993): 

Science and technology studies. Bowker and Star’s (2000) analysis of the political and social 
dimensions of classification highlights the importance of retrievability, the process of retaining the 
voices of people conducting classification for systems to maintain “maximum political flexibility.” As 
perspectivist methods examine ways to retain the opinions of individual labelers, this line of work can 
help to understand how individual voices can be lost, merged, or preserved in systems that draw on 
them; and understand how we can, as Bowker and Star (2000) note, “reflect new institutional 
arrangements or personal trajectories.” Bowker and Star, as well as Winner (1980) and Agre (2014), 
illustrate how technological artifacts embed and reproduce social and political values; drawing on 
Douglas, Lepawsky (2019) and Scheuerman et al. (2021) investigate institutional factors and 
perspectives of researchers or industry leaders who describe subjectivity as a problem to minimize. 
Together, this literature contextualizes subjectivity and disagreement, and emphasizes the need for 
critical reflection on practices and assumptions in technological development. 
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Elsewhere, critiques of machine learning, including approaches to fairness and ethics, can offer 
opportunities for perspectivist efforts to reflect on assumptions surrounding representation and 
inclusion. For example, Hoffmann (2020) complicates the notion of inclusion in dataset design by 
pointing out that such inclusion can forestall calls for more radical change, while Stevens and Keyes 
(2021) similarly observe that more representative datasets for e.g., facial recognition do not address the 
more fundamental problem of surveillance. 

Philosophy of mind. Literature related to why, despite our understanding of the physical processes 
involved, we still lack a full understanding of where subjective feelings come from and why they differ, 
such as discussion of qualia (Lewis, 1930; Jackson, 1982; Chalmers, 1997, among others), can provide 
a starting point for discussion of differences of opinion that are not easily situated in terms of the 
annotator’s background. 

Voting and social choice. Many issues regarding optimal data labeling resemble issues regarding ideal 
voting mechanisms, with different constraints. In electoral settings, the full population’s opinions may 
be solicited, and single decisions based on their choices have widespread effects (e.g., electing an official 
who makes decisions in many policy areas). During annotation, by contrast, it is often infeasible to 
solicit all stakeholder opinions, and different aspects of model outputs can be decided independently 
(e.g., decisions on coherence or offensiveness of model outputs). However, overarching themes of how 
to aggregate preferences while maximizing stakeholder satisfaction and welfare Arrow (1977); Sen 
(2018) could provide useful lessons for perspectivist work. 

Pragmatics. The community could take inspiration from the notion of a “common ground” in 
pragmatics, wherein conversational participants communicate based on a shared understanding of the 
world. This shared understanding is based on factors that include demographic attributes, but also 
factors such as the specific speech situation, the participants’ professions, online communities, 
languages spoken, and imagined audiences Clark and Carlson (1982); Goffman (1976). Annotation of 
text functions like a communicative situation in which the annotator interprets language while making 
assumptions about the speaker, purpose, and audience of the text based on their own background, and 
a wide variety of factors in their background may be relevant based on the text. Focusing on content 
moderation, Thylstrup and Talat (2020) draw on Hall et al. (1997) to describe how these assumptions 
become embedded in datasets: data annotators serve as intermediaries who read on behalf of the 
intended recipient and often interpret text differently from the specific intended reading that the sender 
meant to encode, with the result that systems based on those labels encode the intermediary position 
instead of that of the sender or intended recipient. Understanding the range of factors that influence 
annotator interpretation could disentangle more latent factors behind disagreement in data collection. 

Participatory design. Elsewhere, participatory traditions that interrogate power dynamics in order for 
“non-expert stakeholders to provide direct input on technology design” Delgado et al. (2023) can offer 
practitioners valuable insights for navigating disagreement and reflecting on assumptions about 
disagreement embedded in their practices Friedman (1996); Muller and Kuhn (1993). 

Take advantage of nuanced output spaces to meet diverse stakeholder needs. 

The existence of disagreement does not rule out the possibility of building systems that produce single 
outputs affecting a whole population. Edenberg and Wood (2023) note that “any society that protects 
freedom of thought and expression” experiences “continued disagreement about key normative 
questions,” but we still “find fair terms of social cooperation without requiring everyone to agree.” 
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Even when providing a single output is unavoidable, treating preferences non-unidimensionally can 
help to arrive at single outputs that better serve more people. Systems that provide for a broad range 
of potential outputs, including generative models, can help to consider different, non-contradictory 
values that seem to result in disagreeing preferences. For example, if one annotator prefers a language 
model output that is non-discriminatory and another prefers one that is concise, they might disagree 
on their preferences between two outputs, but a non-discriminatory and concise output could satisfy 
both annotators. Revealing that preferences are not unidimensional and exploring the resulting space 
of potential outputs opens ways to generate greater consensus. 

1.2.6 Conclusion 
Assuming that tasks have a ground truth, using majority-vote aggregation, and avoiding a normative 
stance have long been common practices in data labeling. However, a growing perspectivist literature 
is recognizing that datasets and models must be designed to account for the full spectrum of human 
perspectives. We argue that perspectivist approaches can accomplish their goals more fully by 
considering causes of disagreement beyond demographics, addressing tensions with data quality and 
research pressures, and reasoning explicitly about normative considerations. 

Limitations and Ethical Considerations 

We aim to provide an analysis of key questions regarding longstanding and emerging paradigms of data 
collection, but it is not a comprehensive meta-analysis or literature review; thus, we acknowledge that 
some relevant work may have been overlooked because we have not comprehensively searched for all 
papers related to these issues. Overlooking some work carries the risk of narrowing the set of potential 
perspectives that are considered in future research based on the avenues we discuss. 
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Chapter 2 
Language Model Evaluation as an Election 

How can we evaluate a machine learning model when we have lost the fundamental assumption of a 
single, stable ground truth? Here, I present a framework for addressing these evaluation challenges by 
drawing on a similar case of decisions built on aggregating opinions without an objective right answer: 
elections. By bringing in social choice theory, which studies properties of elections, we can reanalyze 
how people can provide feedback on language models (Section 2.1) and even uncover new weaknesses 
in model evaluations through their connection with underlying social choice models (Section 2.2). 

2.1 Mapping Social Choice Theory to RLHF 

2.1.1 Section Summary 
Recent work on the limitations of using reinforcement learning from human feedback (RLHF) to 
incorporate human preferences into model behavior often raises social choice theory as a reference point. 
Social choice theory’s analysis of settings such as voting mechanisms provides technical infrastructure 
that can inform how to aggregate human preferences amid disagreement. We analyze the problem 
settings of social choice and RLHF, identify key differences between them, and discuss how these 
differences may affect the RLHF interpretation of well-known technical results in social choice. We 
then translate canonical desiderata from social choice theory for the RLHF context and discuss how 
they may serve as analytical tools for open problems in RLHF. 

2.1.2 Introduction and Related Work 
Reinforcement learning from human feedback (RLHF) has recently emerged as a key technique for 
incorporating human values into AI models.1 The central problem setting of RLHF, in which people 
provide preferences over options that are then used to determine global behavior, shares key similarities 
with scenarios studied under social choice theory (SCT).2 Recent work has discussed some of the ways 
in which SCT can serve as a reference for analysis of RLHF, including direct application of social choice 
axioms to RLHF (Mishra, 2023) and indicating that RLHF implicitly optimizes for the Borda count 
(Siththaranjan et al., 2023). Open problems in RLHF identified in surveys by Casper et al. (2023) and 
Lambert et al. (2023), among others, include the difficulty of selecting evaluators, accounting for 
disagreement among evaluators and cognitive biases, non-representative sampled prompts, challenges 
of developing a single reward function for diverse users, measuring downstream impacts, and 
assumptions regarding the ease of quantifying or aggregating complex individual preferences. Both 
Casper et al. (2023) and Lambert et al. (2023) raise social choice as one potential way to analyze some of 
the problems they identify (see also Appendix A). However, differences in the RLHF setting mean that 
established technical results in SCT require adjustment to be applicable to RLHF. 

The remainder of this work outlines core differences and similarities between the RLHF and SCT 
problem settings. We then propose SCT-style axioms for RLHF given the differences in problem 
settings and discuss open problems raised by these axioms. Finally, we discuss implications of our 
analysis for conceptualization of human preference models in the context of RLHF. In concurrent 
work, Conitzer et al. (2024) also advocate for social choice approaches to handling disagreement in 
RLHF. We propose different formalizations of the problem setting; moreover, their work proposes an 
axiomatic approach to evaluation, with an emphasis on axioms related to voter behavior. By contrast, 
we view the axiomatic approach as only one of several relevant approaches, notably with distortion as 
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a key perspective from the social choice literature. 

2.1.3 Learning Problems: Preference Modeling and Social Choice 
We first outline each problem setting and their core differences (see Table 1). We notate alternatives, the 

options that voters or evaluators can choose, as a∈𝒜, with 𝒜⊆ℝd as the space of all possible 
alternatives. Each alternative a should be thought of as a prompt-response pair, not just a response.3 
Humans—often called evaluators (preference modeling) or voters (social choice)—are indexed with i, 

with n total evaluators. The set of actual preferences (votes) is denoted {π}i∈[n], with πi, a set of pairwise 

comparisons, as the preferences from voter i. For a, a′ ∈ 𝒜, a≻a′ denotes “a is preferred to a′.” 

 

 
Social Choice RLHF/Preference 

Modeling 

Space of alternatives 
Fixed and finite (e.g., 
candidates in an election) 

Evaluators see only samples 
from a structured but 
infinite space (e.g. all 
possible prompts and 
completions) 

Inputs to process 
Fixed set of voters; often 
assume full information over 
alternatives (e.g. each voter 
submits a ballot ranking all 
candidates) 

Set of evaluators (not always 
representative of general 
population) give pairwise 
comparisons over subset of 
alternatives; no guarantee 
over which evaluators give 
feedback on which 
alternatives 

Goal of process 
A single winner (e.g. an elected 
official) or a set of top-k 
winners 

A reward function that 
measures the quality of any 
alternative, even if unseen 
(in the election example, a 
way to quantify not only the 
goodness of all the current 
candidates, but also of any 
new candidate) 

Evaluation 
Preferences of fixed set of 
voters over fixed alternatives 
evaluated based on axioms 
(analyze properties of voting 
rule) or distortion (measure 
utility of outcome) 

Generalization, as measured 
by accuracy of the reward 
model or utility/regret of a 
policy using the reward 
model, with respect to all 
possible 
prompts/completions 

Table 2.1.3.1  Summary of major differences in problem settings of social choice and preference modeling for LLMs. 

 
Human Preference Modeling  The goal of human preference modeling4 is to learn a reward model 

r:𝒜→ℝ that quantifies the desirability of a particular alternative a. The standard data collection method 
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is via pairwise comparisons of text completions for a given prompt, and the standard noise model 
assumed is a Bradley-Terry model, where the likelihood of observing an instance of a being preferred to 
a′ is proportional to how much “better” a is than a′, i.e. 

p⁢(a≻a′)=exp⁡(r⁢(a))exp⁡(r⁢(a))+exp⁡(r⁢(a′)). 

Social Choice  In the standard social choice setting, given a set of alternatives and a set of voters, 

we receive a ballot from each voter i quantifying the voter’s preferences over all 𝒜 alternatives. 
Commonly, this takes the form of rankings, where πi gives voter i’s rankings of all alternatives. A voting 
rule aggregates all n ballots to produce a single election winner. Voting rules can be evaluated 
axiomatically, i.e. with respect to whether they satisfy particular axioms (properties of the aggregation 
process), or in terms of distortion, i.e. with respect to the (aggregate) benefit derived from selecting the 
winner over other alternatives. 

Properties and goals of the learning problem  Common assumptions of the social choice problem 

setting include: that alternatives are fixed and finite, i.e. that 𝒜 contains the only options that could 

possibly be considered; that we have full information from each voter about each alternative; and that 
voters and their preferences are fixed (see also Appendix A). By contrast, in RLHF, the space of 
alternatives is structured but infinite. The evaluators, who may not be representative of the full 
population, give pairwise or k-wise preferences over subsets of alternatives, often from a handpicked 
set of prompts. Each evaluator only sees a small subset of alternatives, and each alternative is only seen 
by a small subset of evaluators. 

In SCT, common goals of the voting process include selecting a single winner (e.g. an elected official) 
or a set of top-k winners. By contrast, the goal of RLHF is to produce a reward model that can score 
the quality of new alternatives. That is, alternatives are not only ranked but assigned real-valued rewards, 
and the assignment of these rewards must generalize to unseen alternatives. 

2.1.3.1 Defining the (Preference Modeling) Voting Rule 

We propose a reformulation of the social choice problem that lets us interpolate between both settings.5 

Consideration 1: Parameterization of alternatives and preferences.  First, we assume that 

alternatives are parameterized in a d-dimensional space as a ∈ ℝd with 𝒜⊆ℝd. Recall that we let a 
represent a prompt and its completion; accordingly, we continue to assume that all alternatives are 
commensurable, i.e. that there is a reasonable and well-defined comparison across alternatives. We also 

parameterize the preferences of each voter i over text features as θi∈ℝd and model voter i’s reward 

ascribed to a particular piece of text as rθi⁢(x)=⟨θi,x⟩. In our model, voters have fixed preferences over 
features, and rewards for each piece of text are scaled by those preferences; see also Appendix A. 

Consideration 2: Voters from a population.  Instead of considering n fixed voters (evaluators), as 

in social choice, we assume all voters’ preferences are drawn from some underlying population θi∼𝒱.6 
This allows us to model both the scenario in which there exists some shared societal norm from which 
individual preferences are drawn, and more complicated distributions (e.g. mixtures of preference 
models; Zhao et al. (2016; 2018); Liu & Moitra (2018) discuss mixtures of Bradley-Terry and random 
utility models). 

With these considerations in mind, we present the preference modeling voting rule. Though the 
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definition can simply be interpreted as a reward model, our statement is intended to emphasize the 
interplay between how the voting rule aggregates seen preferences and how it evaluates unseen 
alternatives. 

Definition 2.1 (Preference Modeling Voting Rule). 

A preference modeling voting rule f: ℝd→ℝ is a function that maps some (parameterized) alternative a∈ℝd 
to some real-valued score, which represents the population’s assessment of the quality of a. 

2.1.4 Evaluating the (Preference Modeling) Voting Rule 

How can social choice inform preference model evaluation? We argue that preference modeling can be 
divided into two subproblems: that of generalizing a particular set of preferences to new outputs; and 
that of deciding how to aggregate preferences over outputs. RLHF research has focused almost 
exclusively on the generalization problem. This perspective, though reasonable under the assumption 
that evaluators do not meaningfully disagree on their preferences, does not account for meaningful and 
widespread disagreement between evaluators, as evidenced by work such as Aroyo et al. (2023). When 
evaluators disagree, two perspectives from SCT can help to analyze problems that arise in RLHF: 
axiomatic approaches and distortion. We discuss the tenets and potential contributions of these three 
perspectives–generalization, axiomatic approaches, and distortion–in this section. 

2.1.4.1 Perspective 1: Generalization 

Following standard approaches in statistics and machine learning theory, recent work (Zhu et al., 2023; 

Wang et al., 2020) studies the problem of estimating θ^ under Bradley-Terry models where rθ⁢(x)∝⟨θ,x⟩. 
These approaches take the alternatives to be fixed and predetermined, and all randomness is due to 
Bradley-Terry. Even under the goal of estimating θ^ well (or minimizing the regret of a policy that 
would use an estimated θ^, as analyzed in Zhu et al., 2023), natural extensions could consider the 
complication of psychological factors that bias observed preferences, such as preferences for 
“sycophantic” text or long outputs (Perez et al., 2023; Singhal et al., 2023); modeling more diverse 
evaluators; or analyzing the set of prompts to be annotated. 

2.1.4.2 Perspective 2: Axiomatic Characterizations 

A core tenet of social choice is that voting rules can be axiomatically analyzed; i.e., absent the notion of 
some “ground truth,” there are particular principles that the final output should follow. This permits a 
finer-grained understanding of how aggregations handle individual pieces of input. However, to apply 
axiomatic analysis to the preference modeling setting, we must still consider “generalization” in a sense 
not considered by standard SCT approaches. 

On a technical level, axioms for the preference modeling setting must satisfy two criteria: (1) they must 
apply to scores, rather than single winners; and (2) they must distinguish between relationships that 

apply to the full space of alternatives 𝒜 and all voters, and those that apply only to alternatives and 
ballots seen at train time. These properties mean that some canonical SCT axioms may be wholly 
inapplicable, while others may require careful reformulation to apply in the RLHF setting. We highlight 
examples of each of these cases below. 

Example: unanimity, consistency, and Condorcet consistency.  In the single-winner setting, an 

alternative a∈𝒜 is a Condorcet winner on a particular set of ballots if, for the majority of voters, a≻a′ for 

all a′≠a and a′∈𝒜. A Condorcet-consistent voting rule for the single-winner setting always returns the 
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Condorcet winner, if it exists. Consistency is satisfied if when, for every partition of voters, the voting 
rule selects the same winner, it holds that the voting rule over all the voters also selects that winner. 

Unanimity is satisfied when, if every individual voter expresses the preference a≻b, then the voting rule 
also selects a over b. 

Recall that, for RLHF, we are interested not in the final winner but in the scores that f assigns to 
arbitrary (unseen) alternatives, and that in this setting, arbitrarily small preferences may matter less than 
differences in reward greater than some margin ε. Also recall that voters are sampled from an underlying 
population. To account for these differences, we propose definitions for unanimity, consistency, and 
Condorcet consistency for the RLHF setting as follows: 

Definition 3.1 (Unanimity for preference modeling). 
First, define (a,ε)-unanimity as follows. For a fixed a (a potentially unseen alternative) and a population 

of (potentially unseen) voters 𝒱, let 𝒜a′⊆𝒜 be the set of alternatives such that for all voters, 

⟨θi,(a−a′)⟩>ε for all a′≠a and a′∈𝒜a′. Then a (preference modeling) voting rule f is (a,ε)-unanimous when 

f⁢(a)−f⁢(a′)>ε for all a′∈𝒜a′, and ε-unanimous when it is (a,ε)-unanimous for all a∈𝒜. If f is ε-unanimous 
for ε=0, then we say f is unanimous. 

Definition 3.2 (Condorcet consistency for preference modeling). 

We define (a,ε)-Condorcet consistency as follows. For a fixed a and voter population 𝒱, let 𝒜a′⊆𝒜 be 

the set of alternatives such that 𝔼θi∼𝒱⁢[⟨θi,(a−a′)⟩]>ε for all a′≠a and a′∈𝒜a′. Then a (preference 

modeling) voting rule f is (a,ε)-Condorcet consistent when f⁢(a)−f⁢(a′)>ε for all a′∈𝒜a′, and ε-Condorcet 

consistent when it is (a,ε)-Condorcet consistent for all a∈𝒜. If f is ε-Condorcet consistent for ε=0, then 
we say f is Condorcet consistent. 

Definition 3.3 (Consistency for preference modeling). 

We define (a,ε)-consistency as follows. For a fixed a, let 𝒜a′⊆𝒜 be the set of alternatives such that for 

any sufficiently-large subset of voters 𝒱′⊆𝒱, f𝒱′⁢(a)−f𝒱′⁢(a′)>ε for all a′∈𝒜a′. Then a (preference 

modeling) voting rule f is (a,ε)-consistent when f𝒱⁢(a)−f𝒱⁢(a′)>ε for all a′∈𝒜a′, and ε-consistent when it 

is (a,ε)-consistent for all a∈𝒜. If f is ε-consistent for ε=0, then we say f is consistent. 

Note the distinction between 3.1, 3.2, and 3.3 lies primarily in what slice of voters is being examined; the 
expectation in 3.2 captures the idea of majority preference, while 3.3 is concerned with agreement 
across subsets of voters. The fact that these axioms can be expressed in terms of which types of agreement 
are important to respect suggests that there is room for more explicit consideration of which types of 
disagreement are important in preference modeling. 

Other axioms of (single-winner) social choice may not apply.  Resolvability (that the voting rule 
produces no ties) or majority (that any alternative ranked first by a majority of voters should win) have 
no clear translation to the preference model setting, since choosing a single winner is no longer the 
main objective. Strategyproofness—the robustness of the final outcome to strategic behavior by individual 
voters—is a less pressing concern when the number of alternatives is very large, and when the final 
outcome is a scoring rule rather than a single winner.7 Despite the seeming inapplicability of some 
“classic” SCT axioms, we argue that it is still worthwhile to consider what new axioms for preference 
modeling might look like: axioms were developed to establish more fundamental desiderata for 
democratic processes; moreover, they are designed to apply in cases that lack an obvious “ground truth” 
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optimum. 

2.1.4.3 Perspective 3: Distortion 

An alternative approach to evaluating voting rules in social choice is through distortion (see Anshelevich 
et al. (2021) for a recent survey). At a high level, distortion is a quantitative notion of suboptimality with 
respect to some information that the voting rule may not be able to access (e.g. the “hidden context” 
of Siththaranjan et al. (2023). In an extension of the standard setting, voters have utilities over 
alternatives, and submit ballots—rankings—that are consistent with those true utilities. 8 The distortion 
of a voting rule is the worst-case difference in utility between the optimal election winner and the 
winner chosen by the voting rule, where the worst-case is taken over all possible utility functions that 
would have still been consistent with the observed ballots. 

As with axiomatic characterizations, it is nontrivial to redefine distortion directly for RLHF. In SCT, it 
is reasonable to analyze “worst-case” (hidden) utilities due to the finiteness of both the alternatives and 
the voter, the assumption of no noise in reporting utilities, and because ballots tend to contain 
information about voters’ preferences over the entire space of alternatives. 

For RLHF, therefore, we might consider an approach that captures the conceptual insight of the 
distortion metric rather than attempting to transliterate it directly. For example, we might consider 

some per-feature weight w∈ℝd where wj scales the importance of feature j. This could represent 
phenomena like cognitive bias in labeling, such that annotations are received according to a proxy 

reward function rθ,w⁢(a)=∑j∈[d]θj⁢wj⁢aj, but where true utilities depend only on θ and not w. On the 

other hand, this could also reflect the scenario where annotations are given with respect to rθ=⟨θ,a⟩ but 
utility for how accurately a particular feature θi is learned varies by feature (scaled by wi)—for example, 
someone may prefer both longer text completions and text that avoids gendered stereotypes, but would 
care more about the final θ capturing the latter. To operationalize the “worst-case” in conjunction with 
the randomness in voting assumed by Bradley-Terry-Luce, we could work with expected welfare (where 
the expectation includes randomness in voting); assume some relationship between θ and w; and take 
the worst-case over possible θ and w that would be consistent with the observed votes. Interestingly, 
for the statistical inference problem of estimating θ, this is a fundamentally distinct perspective from 
the standard RLHF approach of maximum likelihood; instead, it is more analogous to estimating a θ 
that is robust to “worst case” realizations of hidden context. 

2.1.5 Discussion 
SCT provides a rich infrastructure for finer-grained discussion of many difficulties in using RLHF to 
represent human preferences by providing theoretical underpinnings for sources of these problems. 
These include conceptions of the prompt space, including how prompts for RLHF are chosen and 
what guarantees on representation may be lacking if the sample is handpicked in an unusual way; and 
of the evaluator space, including consequences of using an unrepresentative or small set of evaluators. 
In addition, they may help to conceptualize evaluator behavior: though potentially “misaligned” or 
“strategic” evaluators are often discussed (Casper et al., 2023), SCT provides a framework for analyzing 
the perhaps more common issues of evaluators dealing with poor incentives, incomplete directions, 
and cognitive biases (Singhal et al., 2023; Huang et al., 2023). Careful engagement is necessary to 
combine insights from these communities in a way that is both rigorous and fruitful. One naive 
interpretation of impossibility results such as Arrow’s Theorem is that a version of democracy that 
relies on direct input from the public is simply untenable. However, a key aspect of SCT is that the 
axioms or properties of a voting mechanism that are actually desirable depend greatly on the context 
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of the decision. By focusing on the properties that matter in the RLHF setting, and adapting SCT 
formulations to differences in the RLHF problem, we reach a space of problems that are both critical 
and tractable. 

 

2.2 Leaderboard Hacking: Preference-Based Model Evaluations are 
Vulnerable to Manipulation 

2.2.1 Section Summary 
Arena-style rankings of language models are a widely used evaluation framework in leaderboards like 
LMArena, research papers, and model evaluation in production. These rankings aim to realistically 
assess model performance using pairwise comparisons of anonymous models on user prompts, 
aggregating votes via the Bradley-Terry model to produce the final ranking. However, we find that 
these leaderboards are highly vulnerable to several manipulation strategies that unscrupulous providers 
could use to boost a model’s rank: strategic voting (individual votes that boost a model’s rank, including 
votes on irrelevant models), strategic prompting (choosing prompts that favor a model), and strategic 
nomination (boosting the rank of a model by inserting irrelevant models). We demonstrate these effects 
on public leaderboard data, analyze the circumstances that cause these vulnerabilities, and describe 
approaches to safeguard against each attack. Notably, these issues hold for any pairwise preference-
based evaluation that uses the Bradley-Terry model. These manipulations boost the rank of nearly every 
tested model; each attack can boost a model by up to 15-21 places in a ranking and, combined, they 
can boost a model by up to 45 places. 

2.2.2 Introduction 

How can we compare the performance of large language models (LLMs)? To address concerns that 
static benchmarks do not evaluate real-world usage, arena-style evaluations offer a more flexible 
alternative: users post a prompt of their choice and indicate their preference between two anonymous 
models’ responses. These pairwise preferences are then aggregated and transformed into rankings on 
prominent online leaderboards, such as Artificial Analysis (artificialanalysis.ai), DesignArena 
(designarena.ai), and LMArena (lmarena.ai). However, as these preference-based rankings gain 
influence—they affect users’ decisions on which model to use, company publicity, funding decisions, 
and ultimately model developers’ revenue—incentives increase to win these competitions even by 
unscrupulous means. We consider: how much, and how easily, could a bad actor fraudulently boost a 
model’s rank? 

Most preference-based evaluations transform a set of pairwise preferences into a unified ranking using 
the Bradley-Terry model, which implicitly reduces to the Borda count [11], a type of rank-choice voting 
with known vulnerabilities. Because of this, we hypothesized that known weaknesses of the Borda 
count also hold for LLM rankings that use Bradley-Terry. We test this hypothesis and indeed find three 
simple strategies that allow fraudulent actors to boost the rankings of an arbitrary target model A. 

In strategic voting, users change their votes on competitor models to boost A’s rank. Because the strength 
of A’s competitors affects A’s ranking, even strategic votes on matches that do not involve A can 
influence the ranking in its favor. In strategic nomination, users insert copies of irrelevant models to 
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improve the rank of A. By inserting copies of models against which A does particularly well relative to 
its competitors, this method boosts the target model’s ranking compared to other models. Finally, in 
strategic prompting, users provide prompts that favor A, e.g., prompts in a language on which A excels. 
Because win rates vary widely when splitting the preference data into subsets, A’s rank can be boosted 
by prompting in any definable subcategory where A does well. As a corollary, we find that it is 
surprisingly easy to identify which models are presented, even though anonymity is one of the 
cornerstones of these evaluations. 

The methods we find for manipulating model rankings are easy to implement, and can be combined to 
further magnify the boosting effect. We describe each method in detail and demonstrate their effects 
on publicly available data from LMArena. Our contributions are: (1) we demonstrate the effect of 
strategic voting, nomination, and prompting on preference rankings and link to the social choice 
literature (equivalence to Borda count); (2) we introduce an efficient strategic voting heuristic (that does 
not require inefficient Elo recomputations); and (3) we propose defenses against each attack. 

2.2.3 Background and Related Work 

Preference-based evaluation and its vulnerabilities. The Bradley-Terry model (BT) estimates the 
relative strength of items based on individual preferences between pairs of items. Let (A,B) denote a 

comparison between candidates A and B, and let A≻B denote that A is preferred to B: BT assumes 

that human preferences obey PBT(A≻B)=eξA(eξ
A+eξ

B). 

The coefficients ξ serve as scores for the competitors (i.e., models on a leaderboard). Boubdir et al. [2] 
and Bai et al. [1] discuss using preference-based evaluations for language models. Chiang et al. [4] build 
on this to rank LLMs from user preferences; they estimate BT scores efficiently using maximum 
likelihood estimation on logistic regression, which we follow in this work.1 

Singh et al. [10] raise issues regarding the reliability of LMArena’s rankings due to pre-release testing 
that results in uneven data access for model providers, uneven sampling, and silent model deprecation; 
they argue that these differences benefit some model providers over others.2. In contrast, the evaluation 
vulnerabilities we discuss here are not limited to any particular leaderboard. Leaderboards designed 
impartially and in good faith remain vulnerable to the issues we present so long as they rely on the 
Bradley-Terry model. 

Some previous work has explored methods of adversarial attacks on preference-based leaderboards. 
Zhao et al. [14] and Huang et al. [6] consider strategic voting attacks based on identifying the target 
model and then voting strategically on examples that involve that model. Min et al. [7] expand this to 
consider strategic voting on a stream of random votes on pairs (B,C) by considering what a target 
model’s Elo score would be after voting in favor of B or C. Relative to this work, our contributions are 
as follows: 

 • We introduce two completely new attacks: strategic nomination and strategic prompting. 
 • We introduce an efficient strategic voting heuristic, with no inefficient Elo recomputation 

per vote. 
 • We explain why strategic voting, nomination, and prompting are effective by linking to the 

social choice literature (equivalence to Borda count). 
 • We show that the new attacks we discuss result in large boosts to many models’ rankings. 
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 • We propose defenses against each attack. 

Parallels to voting vulnerabilities. Siththaranjan et al. [11] found that evaluations using the Bradley-
Terry model implicitly optimize for the Borda count, a positional voting rule in which candidates in an 
election are scored based on how many candidates are ranked below them. In the traditional Borda 
count formulation, for an election with n candidates, each voter ranks every candidate in order of 
preferences. The first-place candidate for that voter receives n points; second place n−1, etc. These 
points are summed across voters, and candidates are ranked in order of points. This is equivalent to 
ranking candidates in order of the average probability (over voters) that the candidate is preferred to 
other candidates in the election. Siththaranjan et al. [11] find that any utility function that optimizes for 
the BT objective implicitly aggregates individual voters’ utilities according to the Borda count. 
However, in the social choice literature, the Borda count is known to be vulnerable to several kinds of 
strategic manipulation [3]. Thus, we hypothesize that preference-based leaderboards that implicitly 
optimize for the Borda count inherit these weaknesses. In particular, we hypothesize that one can 
manipulate these leaderboards to raise a model A’s rank relative to a model B using: 

Strategic voting. Suppose that A and B are the top two candidates for an election, and supporters of 
a candidate A wish for it to win over candidate B. Under the Borda voting rule, they can use strategic 

voting, in which supporters vote that they prefer a third candidate C≻B in order for A to win (even 

though they truly believe B≻C). In LLM leaderboards, users can raise A’s rank over B by strategically 
voting on comparisons with unrelated models. They can also abstain from votes on pairings that do 
not involve A even though they do truly have a preference, in order to increase the fraction of votes in 
which A wins. In practice, strategic voting requires deanonymizing models in order to vote in favor of 
A. 

Strategic nomination. Fraudulent actors can also engage in strategic nomination, by introducing a 

candidate C such that A≻C≻B. For voters who initially preferred A≻B, their new ranking is A≻C≻B, 

lowering B in the ranking; for voters who initially preferred B≻A, their new ranking is B≻A≻C, leaving 
A’s placement unchanged. Repeating this process with many candidates C can substantially lower B’s 
Borda score relative to A. In elections, this is most often discussed in the context of cloning, in which 
C is very similar to A but slightly worse [3]. Users can add clones A′ of a model A, or copies of unrelated 
models C, in ways that raise model A’s rank relative to B. If the voters simply want one of the models 
that resembles A to win, we may also relax the restriction that A′ be similar to A: this means that it is 
to a faction’s advantage to nominate many similar candidates. More broadly, inserting copies of any 
model that usually wins over B but loses to A will improve A’s rank. 

Strategic prompting. Finally, LLMs offer a domain-specific way to raise model A’s rank by exploiting 
the fact that Borda count aggregates over all votes evenly: strategic prompting. If voters know that there 
is a particular definable area in which A excels relative to other models, they can simply choose prompts 
in that area to explicitly favor A over B. This takes advantage of high variance in model win rates 
between different areas, defined broadly: e.g., different skills (coding vs. writing), or different languages 
(English vs. Korean vs. Amharic). For example, if model A does very well in Amharic but other models 
cannot process it, a voter can simply always prompt the model in Amharic. 

We can consider strategic prompting as a type of strategic voting specific to language models. Live 
strategic voting requires deanonymizing models in order to know which model to vote for. Instead, 
strategic prompting uses subcategory performance as a proxy for model identification: if we expect that 
model A typically performs well on prompts in a subcategory, then prompting in that subcategory and 
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always voting for the better model is a strategy that makes it more likely to vote in favor of A. 

For each of the three attacks, we consider how feasible, likely, and preventable the attack is along several 
axes, leading to three research questions: 

 1. How many strategic votes, prompts, or inserted models are needed to shift a ranking? 
 2. How easy is it to gather the information required (e.g., identify anonymized models, create 

a suitable model clone, or determine which way to vote strategically)? 
 3. How can leaderboard developers secure their evaluations against these attacks? 

2.2.4 Methods 

To examine the effects of leaderboard manipulation on real data, we conduct our experiments on a 
public leaderboard dataset of over 100,000 human preferences from LMArena.3 

2.2.4.1 Strategic Voting 

We consider two strategic voting attacks. Both strategies take advantage of the fact that Borda count 
and Bradley-Terry lack independence of irrelevant alternatives: votes on model pairs that do not involve 
the model A can nonetheless boost A’s rank. 

Greedy Best-Vote  We consider an attack in which the manipulator votes strategically on a stream of 
new comparisons between random pairs of models (many of which do not involve A). We see that 
votes on unrelated models do shift A’s Elo score, since they shift the scores of A’s competitors. For 
this attack, we run a greedy best-strategic-vote algorithm: given a set of models S that includes a target 
model A to move up in the rankings, and a stream of n new comparisons to perform between any pair 

of models (B,C)∈S, check whether voting for model B or model C results in the best improvement for 

model A.4 Then, calculate the improvement for A under n strategic votes. For these experiments, we 

set n to be at most 10K votes (∼10% of votes in the dataset). 

Min et al. [7] explore a greedy best-vote strategy in prior work (for each new preference pair, vote for 
the choice that best improves the target model’s Elo). However, the greedy best-vote strategy is 
computationally expensive: it requires recalculating Elo scores after every vote. 

Heuristic Best-Vote  Instead, we introduce a simple heuristic that allows for strategic voting with far 
lower computational cost—no live Elo computations required. In initial experiments on the greedy 
best-vote strategy, we observe that flipping the winner of a preference is typically optimal for boosting 
a model’s rank. Based on this, we implement a simple voting rule for a pair (B,C), where the voter’s 

true preference is B≻C: If A∈{B,C}, vote for A; if not, vote for the worse model C. 

Identifying models in order to vote strategically.  In practice, strategic voting requires the 
manipulator to know which pair of models they are voting on. Extensive prior work focuses on detecting 
LLM-generated text, typically by training classifiers to distinguish human-written from model-generated 
content or to attribute text to a specific model [12, 13, 9]. Our setting is much simpler, since the 
evaluator has full control over the prompt. The simplest identification strategy is to prompt the model 
to reveal its own identity. However, LMArena filters out responses that include the model name [6]. 
We therefore consider an approach that is undetectable with output filtering. For open-weight models, 
we use a likelihood-based approach. Given a prompt-response pair randomly sampled from the 
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LMArena data,3 we compute the average token-level log-likelihood of the response for a set of 
candidate models by measuring the probability assigned to each next answer token conditioned on all 
previous tokens. We then identify models based on the highest average log-probability. For proprietary 
API-based models, where token-level log-probabilities are unavailable, we use an even simpler 
approach. We generate a single response for a candidate model and score similarity to the observed 
response using character-level sequence similarity. 

2.7.4.2 Strategic Nomination 

In strategic nomination, the objective is to find a model C for which adding copies of C boosts A’s 
ranking. To do so, we (1) identify the model C that best benefits model A, and (2) add new copies C′ 
whose performance is assumed to be identical to C (thus, its outcomes in battles with existing models 
are likely the same). Computing the exact solution for which model to add is cheap, since there are only 
55 candidate models in our dataset (and about 300 on the current live version of LMArena). For each 
target model A, we find the model C for which adding n copies of model C and its battles results in the 
best rank improvement for A; then, we add n copies of model C and recompute model A’s rank. For 

these experiments, we set n at ≤10K votes (∼10% of votes in the dataset). 

2.2.4.3 Strategic Prompting 

We consider how to manipulate votes simply by restricting prompts to a subset on which model A 
outperforms other models. As proof-of-concept, we use language to define our prompt subsets, for 
several reasons: the language of the prompt is readily available categorical data in the LMArena dataset, 
it is easy for a manipulator to restrict their prompts to that subset, and it is easy to create new prompts 
within any given subset by simply prompting in that language. However, we note that any easy-to-
define split under which A performs well relative to other models would work here (e.g., performance 
on specialized domains); see Appendix I for an example. 

For this attack, we first split the data into prompt subsets (in our case, different languages). We identify 
the language in which model A is ranked highest relative to the other models5 and insert n random 
battles with known results in that language (i.e., copies of existing battles). For these experiments, we 
set n to be at most 10K votes (approximately 10% of votes in the dataset). As a side effect, we note 
that strategic prompting also poisons later evaluations that use the prompt set: e.g., if prompts from an 
arena are later used for offline evaluation of new models, but strategic prompting in favor of a model 
A was used on evaluations on the arena, then those later evaluations will also favor models similar to 
A. (This issue does not apply to strategic voting or nomination.) 

2.2.5 Results 

2.2.5.1 Strategic Voting 
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Figure 2.2.5.1.1: Top: Highest model rank (dark bars) and Elo (light bars) achieved under greedy strategic voting, capped 

at 10K votes (∼10% of total votes). Numbers above bars indicate the best absolute rank that a model achieves. Models 
are boosted up to 20 places in the rankings; 23 models (42% of the dataset) move over 10 places up, and eight models 

move into the top 5. Bottom: Highest model rank & Elo achieved under heuristic strategic voting, under same conditions. 
Models are boosted up to 15 places in the rankings; 21 models (38% of the dataset) move over 10 places up, and 15 

models move into the top 5. 

Strategic Voting (Greedy Strategy)  Adding strategic votes substantially boosts target models’ ranks 
(Figure 2.2.5.1.1, top). We find that models are boosted up to 20 places in the ranking using this 
method, and that every tested model below 2nd place can move up at least one place. Boosting a model 
higher in the rankings requires more votes (Section 2.9), and models close to the very top of the 
leaderboard (2nd-4th place) are harder to move than models further down, in part because they have 
participated in more battles. However, 23 models (42% of the dataset) move over ten places upwards 
using this method, and rankings near the top of the leaderboard are still swayed relatively easily: 11 
models can move into the top 10 places, and eight models can move into the top 5 places. 

Strategic Voting (Heuristic)  The strategic voting heuristic also substantially boosts target models’ 
ranks (Figure 2.2.5.1.1, bottom). Models are boosted up to 15 places, and 21 models move over ten 
places upward. This method is particularly effective for models high up in the ranking, moving fifteen 
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models into the top 5 places. This suggests that, while the greedy voting strategy results in the largest 
boost for the most models, the heuristic strategy results in larger boosts for models near the top of the 
rankings, at a far lower computational cost. 

Figure 2.2.1.1 (Section 2.9) compares the number of votes needed under each strategy to boost a 
model’s rank. Small improvements to rank (2-3 places) are relatively easy to achieve, requiring under 
2% of total votes (2K out of 100K total) to be manipulated and achievable by a relatively large subset 
of models. Larger improvements (15+ places) are achievable by a smaller subset of models with more 
manipulated votes. We find that while the maximum rank boost achieved across models is higher for 
the greedy strategy, more models are able to achieve smaller boosts under the heuristic strategy (and 
typically with fewer votes). We also find that, in practice, the identification methods for open-weight 
and proprietary models suffice for strategic voting (Appendix E). Likelihood-based attribution 
identifies open-weight models with high precision (>80%), and similarity-based scoring for API-access 
models performs above chance (>40-50%). 

2.2.5.2 Strategic Nomination 

Strategic nomination boosts model ranks by up to 15 places (Figure 2.2.5.2.1), though boosts are 
typically more moderate (1-7 places). Curiously, the effect of strategic nominations varies widely by 
model; for example, the 19th place model jumps to 4th place, whereas other models with similar 
rankings display more moderate effects. We examine these factors in more detail in Section 2.2.5.5. 

 

Figure 2.2.5.2.1: Change in model rank and Elo achieved when adding strategic nominations (10 copies of the most 
favorable model). Change in rank is the left-hand bar of each double-bar; change in Elo is the right-hand (lighter) bar. 

Numbers above bars indicate the best absolute rank achieved by the model (1=best). For example, the model originally in 
19th place (light blue) jumps 15 places to 4th place. 

Nomination effects in current leaderboards.  We examine whether these effects might already affect 
current leaderboards by examining a counterfactual (Figures 7 and 8, Appendix D): what would a 
model’s rank be if a particular family of models were included or excluded? A more stable ranking 

would be immune to irrelevant alternatives, i.e., in a set of models S, A’s rank relative to S∖B should 

not depend on whether B is included. For each model A, we find the family B of models whose removal 
increases A’s rank the most, and the family that decreases A’s rank the most. We also calculate A’s rank 
in the full (original) dataset, skipping members of family B for its ranking. We compare each model A’s 
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rank among S∖B when family B is excluded from the Elo calculation, versus its rank among S∖B when 
family B is included. We thus measure whether the ranking among a set of models is affected by the 
inclusion of unrelated models. 

Effects are small but consistent: including a model family B can shift a model’s rank among S∖B 
up to 1-4 places in a desired direction (up or down). Claude models tend to have the strongest 
effect on model ranks, causing the most movement downwards for 12 models and upwards for 10 
models: this is likely because the strongest Claude model participates in more battles than any other 
model (14,000, compared to 10,000 for the model with the second-most battles). Several models are 
also boosted by the inclusion of models from their own family: the inclusion of other Gemma models 
moves gemma-2-9b-it-simpo up two places, and the inclusion of other Claude models moves Claude 3 

Sonnet up two places as well. Furthermore, 42% of models among S∖B are boosted up one or more 
places in the ranking due to a single model. Claude 3.5 Sonnet, the model involved in the most 
battles, has the strongest effects: it moves six models up 1-3 ranks when it is included compared to 
when it is excluded. 

2.2.5.3 Strategic Prompting 

Strategic prompting boosts model ranks almost as effectively as strategic voting: models move up to 
15 places upward in the rankings, including moving several models up to the top 5 models (Figure 
2.2.5.3.1). For example, reka-core-20240501 moves from 33rd place to 18th place by prompting in 
Hungarian, llama-3.1-8b-instruct moves from 38th place to 23rd place by prompting in Croatian; and 
phi-3-medium-4k-instruct moves from 46th place to 32nd place by prompting in Scots. This method 
is particularly effective with small numbers of prompts, moving model ranks with as few as 500 strategic 
prompts added (Appendix D). 

 

Figure 2.2.5.3.1: Change in model rank and Elo achieved by adding strategic prompts, capped at 10K prompts (∼10% of 
total battles). Models are boosted up to 15 places in the ranking. 

In principle, leaderboard developers could spot and filter out unusual clusters of prompts in a language. 
However, the use of “language” as the axis for strategic prompting is arbitrary. This strategy works for 
any definable subcategories, meaning it is easy to pick subcategories that are harder to spot. As a 
demonstration (Appendix I), we repeated the prompt experiments with prompts are split into 
subcategories based on whether they involve complexity, creativity, domain knowledge, and/or math.6 
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Under this version of strategic prompting, we see rank boosts of up to 14 places, comparable to those 
from strategic prompting using language for prompt subcategories. 

2.2.5.4 Combined Nomination and Prompt Attacks 

We examine the effects of combining strategic nomination and prompting (Figure 2.2.5.4.1). To 
combine the attacks, for each model, we follow the strategic nomination strategy to add copies of the 
most favorable model; then, we run the strategic prompting algorithm on the dataset with those model 
copies added. We find that models are boosted up to 45 places in the ranking, with 9 models 
moving over 10 places upwards. 

 

Figure 2.2.5.4.1: Change in rank and Elo when performing strategic nominations followed by strategic prompting. 
Models are boosted up to 45 places in the rankings, with 9 models moving over 10 places upwards. 

2.2.5.5 Factors Contributing to Ease of Manipulation 

The results across strategic voting, nomination, and prompting indicate that some models are much 
easier to move than others. For example, whereas a few models only move 1-2 ranks under all 
strategies, dbrx-instruct-preview moves from 49th to 39th place with strategic nominations; command-
r moves from 41st to 21st place under strategic voting; and reka-core-20240501 moves from 33rd to 
18th place under strategic prompting. 

We run regressions to understand what factors make it easier to manipulate a model’s rank (Appendix 
F). The factors we consider are A’s variance in win rate against different models; A’s starting rank and 
Elo; the number of models in A’s model family; A’s win rate, gap in Elo, and total battles against the 
model one rank higher; the number of battles in A’s best language for strategic prompting, and A’s 
number of total battles and tied battles. To capture if the model could easily swap places with a model 
close above it, we define the “Elo density” as the number of models with Elo 0-50 points higher than 
A. For strategic voting (R2=0.660), the top feature is Elo density, followed by win rate variance. For 
strategic prompting (R2=0.518), the top features are the number of battles in the best prompting 
language and the gap in Elo score vs. the model one rank higher. For strategic nomination (R2=0.557), 
the top features are Elo density and gap in Elo score vs. the model one rank higher. These features 
suggest that models placed below a cluster of models with slightly higher Elo scores are easier to shift 
in the rankings, since smaller changes in Elo result in larger changes in model rank. 
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2.2.6 Attack Feasibility 

 Voting 
(greedy) also 
see [7] 

Voting 
(heuristic) 

Prompting Nomination Prompting + 
nomination 

Max rank 
boost 

20 places ↑ 15 places ↑ 15 places ↑ 15 places ↑ 45 places ↑ 

Must 
identify 
models? 

All models Only target 
model A 

– – – 

Cost of Elo 
calculations 
(m models, n 

votes; n≫m) 

O(n) 0 ≤O(m); 
depends on 
desired # of 
prompt 
subsets 

O(m) O(m) 

Possible  

 defenses 

  

Block bots & 
prompting 
w/o voting 

Block bots & 
prompting 
w/o voting 

Stratify/cluste
r prompts 

Harmonic 
Borda count 

Harmonic 
Borda count 

 Harmonic 
Borda count 

Harmonic 
Borda count 

  Stratify/cluste
r prompts 

Table 2.2.6.1: Comparison of attack strategies and their properties. 

All attacks we describe are highly feasible, as shown in Table 1. First, identifying the best way to 
boost a target model A is computationally cheap. Strategic nomination for a target model requires 
iterating once over a set of candidate models (55 in our dataset; 300 on the live version of LMArena). 

Strategic prompting requires iterating over a set of candidate subsets (∼40 languages in our dataset; 
easy to restrict to the top n languages on live data). Optimally computing which model to nominate or 
language to prompt in is a one-time computation per model; computing it for all 55 models in this 
dataset takes less than 5 minutes on one CPU. Greedy strategic voting on a random stream is more 
expensive (for each vote, the change in Elo if one model or the other were selected must be calculated), 
but using the heuristic strategy is much cheaper and the cost per vote does not depend on the number 
of models or battles in the dataset. In addition, as we have shown, identifying the models in an 
anonymized battle is relatively straightforward via multiple methods. 

How do the manipulations scale as dataset size increases? We expect our manipulation effects to 

be feasible for LMArena’s leaderboards that are similar in number of votes (∼100K) to our dataset 

(e.g., code and search). However, LMArena’s text leaderboard has ∼5 million votes; we expect that a 
higher absolute number of manipulated votes/prompts/nominations would be necessary to change the 
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text rankings (limitations discussed further in Appendix G). Our scaling experiments in Appendix H 
show that the number of manipulations needed to boost a model scales at most linearly with dataset 
size. Though larger arenas are more secure, there is no exponential advantage to a larger leaderboard. 

2.2.7 Leaderboard Defenses 

While leaderboards currently implement some mitigations against strategic voting, such as bot detection 
[6], we do not know of any protections against strategic nomination (in which the attack is carried out 
by those submitting models, not those voting) or strategic prompting (in which users’ votes indeed 
align with their "true" preferences, but the prompts are skewed to favor the target model). We also find 
that properties of how the leaderboards are currently designed (e.g., ease of prompting to deanonymize 
models; ability to abstain from voting) facilitate the attacks we describe. Bearing in mind the potential 
impacts of studying leaderboard attacks (Appendix C), we discuss operational and algorithmic defenses 
to protect against each attack we demonstrate: 

Strategic voting defenses.  The ease of identifying models facilitates strategic voting. Since models 
are still readily identifiable through likelihood-based attribution, one defense is to check for voters who 
exhibit suspicious behavior, e.g. votes that always make one model’s ranking improve on the 
leaderboard, since a true stream of votes on unrelated models should have mixed effects. This might 
require voters to be logged in and verified, to prevent rapid, anonymous manipulated votes from a 
single person. Strategic voting would then require many voters to coordinate, which would make 
strategic voting significantly more difficult. Finally, strategic voting is easiest when attackers need only 
vote on comparisons that involve the target model, which makes the strategic votes have a more 
concentrated effect. Thus, leaderboards should prevent users from viewing many comparisons without 
voting on any of them. Strategic voting still remains difficult to detect if spread across a user group or 
if a user only manipulates a subset of their votes. 

Strategic nomination defenses.  Unlike strategic voting, strategic nomination involves manipulation 
by those submitting models to the leaderboard (rather than those evaluating them). A simple defense 
against this method is to prevent the submission of many similar models at once. A more robust defense 
to both strategic voting and strategic nomination is to change the aggregation function of the Bradley-
Terry model to put less weight on a voter V’s preferences among models that V ranks poorly overall. 
This solution draws on the solution to the parallel problem in the social choice literature: whereas the 
Borda count (equivalent to the Bradley-Terry objective) gives n−r points to the model at rank r in a list 
of length n (+1 point for each step it goes up in a voter’s ranking), we can instead use the Dowdall or 
harmonic Borda count, which gives 1r points to the model at rank r. In real election settings, this change 
hampers strategic voting and makes strategic nomination require enough new nominations as to be 
broadly infeasible.7 We propose a BT-compatible implementation of harmonic Borda in Appendix A 
and find it reduces strategic nomination’s effect on boosting Elo scores. 

Strategic prompting defenses.  Strategic prompting allows individual votes to correctly align with 
broader preferences on that comparison, but shifts the prompt distribution so more prompts favorable 
to a particular model come up. When comparisons are clustered, model results become skewed. 
Approaches to address this could involve stratifying or clustering prompts and then weighting these 
groupings evenly so that overall performance is not unduly influenced by any single grouping (e.g., 
prompt language). As a theoretical contribution in Appendix B, we propose a modified version of 
Bradley-Terry that replaces individual scores with kernel-smoothed scores to make it more difficult to 
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use clusters of comparisons to manipulate model rankings. 

2.2.7.1 Harmonic Bradley-Terry Objective 

Here, we propose one implementation of a harmonically-weighted Borda count that maintains 
compatibility with the Bradley-Terry objective. The Borda count gives n−r points to the model at rank 
r in a list of length n (+1 point for each model it beats in a voter’s ranking). The Dowdall or harmonic 
Borda count instead gives 1/r points to the model at each voter’s rank r. 

Finding an equivalence to the harmonic Borda count for Bradley-Terry introduces additional 
challenges. First, the definition of harmonic Borda hinges on the notion of a complete ranking of all 
candidates for each voter (so that models can be reweighted based on their rank in that voter’s ballot). 
However, typical preference learning datasets do not contain a complete ranking for each voter; only 
some pairwise preferences are known per voter. 

To account for this, we instead interpret the harmonic Borda to use the ranking for voter sets instead of 
individual voters. We require voter sets to be large enough to contain preferences involving all models 
in the dataset. That is: for a set of models m1…mn and preferences (mi,mj), each voter defines a 
comparison graph with models as the vertices and the voter’s preferences as the edges. Each voter set, 
consisting of the union of voters’ edges, must be a connected comparison graph with vertices m1…mn. 
We partition the judges into clusters that maximize the number of clusters while keeping the 
comparison graphs connected. 

For each voter set v, we calculate the ranking among those voters using the standard BT objective. Let 
r(m,v) be the rank of model m for voter set v. We assign the weights 

 wm,v=1/r(m,v)  

, which adds more weight to wins by models that perform well within that voter set. We interpolate 
between the standard BT objective (all weights are 1) and the harmonic one using 

 wm,v,β=(1−β)+βwm,v  

At β=0, every battle gets weight 1 (recovering standard BT); at β=1, battles are weighted only by the 
harmonic weight. This permits smooth tuning between the standard and harmonic BT objectives. We 
then reweight the matrix of pairwise wins by wm,v,β and aggregate using the standard BT objective. 

We experiment with β=[0.2,0.5,1], finding that β=1 performs best, and the maximum number of voter 
sets (145 for this dataset). We find that the harmonically-reweighted BT reduces sensitivity to 
strategic nomination: whereas standard Borda count permits a mean change in Elo of +9.98 points, 
the harmonic variant reduces this to +5.50 points, cutting the strategic nomination effect nearly in half 
(Figure 2.2.7.1). Similarly, it reduces the mean boost in rank from 3 places to 1.5 places. 
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Figure 2.2.7.1: Change in Elo when using the standard Borda count (blue) vs. the harmonically weighted Borda count 
(orange). 

Studying the effects of the harmonic Borda count on strategic prompting, as well as a more detailed 
understanding of how it may change rankings overall in LLM settings, remains an important area for 
future work. 

2.2.8 Conclusion 

As model evaluations become targets for highly incentivized actors, such as model providers who 
benefit from improving their models’ perceived performance, the likelihood and potential impact of 
ranking manipulations increases. We drew upon known weaknesses of the Borda count in social choice, 
which translates to the Bradley-Terry model used in most LLM leaderboards, and tested the equivalents 
of strategic voting, strategic nomination, and strategic prompting on LMArena data. We found that 
preference-based model rankings are vulnerable to all three attacks. Concerningly, these effects can 
move models substantially in the rankings and are relatively simple, cheap, and fast to compute and 
implement. We discussed defenses for each manipulation technique, including interface changes and 
variants of current aggregation techniques. Our findings highlight the need to secure widely used 
leaderboards against such attacks to ensure trust in preference-based model rankings. 
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Chapter 3 
Putting “Language” in Language Model Evaluation 
 

In Chapter 2, we saw how social choice provides a lens for evaluating elections when there is no ground 
truth: it provides an abstraction that is shared with other decision tasks in which no objective answer 
exists. In this chapter, I consider a more concrete, complementary lens: many problems of inequity are 
endemic to language models because they relate to how different populations use language. 
 
I discuss two ways in which taking a sociolinguistically informed perspective can help to evaluate these 
challenging, complex harms that different LLM users face. Section 3.1 investigates dialect 
discrimination in language models, a harm embedded in the very way that people write and speak. 
Section 3.2 studies how people’s perception of speech-to-text models transfers biases of how different 
groups speak into stereotypes of how they behave. By studying language-based harms in terms of how 
diverse inputs to an LLM affect user experiences, and how diverse voice outputs shift user perception, 
these studies outline how language is central to adequately evaluating the effects of LLMs on diverse 
populations. 

 

3.1 Linguistic Bias in ChatGPT: Language Models Reinforce Dialect 
Discrimination 
 
3.1.1 Section Summary 
We present a large-scale study of linguistic bias exhibited by ChatGPT covering ten dialects of English 
(Standard American English, Standard British English, and eight widely spoken non-“standard” 
varieties from around the world). We prompted GPT-3.5 Turbo and GPT-4 with text by native 
speakers of each variety and analyzed the responses via detailed linguistic feature annotation and native 
speaker evaluation. We find that the models default to “standard” varieties of English; based on 
evaluation by native speakers, we also find that model responses to non-“standard” varieties 
consistently exhibit a range of issues: stereotyping (19% worse than for “standard” varieties), 
demeaning content (25% worse), lack of comprehension (9% worse), and condescending responses 
(15% worse). We also find that if these models are asked to imitate the writing style of prompts in non-
“standard” varieties, they produce text that exhibits lower comprehension of the input and is especially 
prone to stereotyping. GPT-4 improves on GPT-3.5 in terms of comprehension, warmth, and 
friendliness, but also exhibits a marked increase in stereotyping (+18%). The results indicate that GPT-
3.5 Turbo and GPT-4 can perpetuate linguistic discrimination toward speakers of non-“standard” 
varieties. 
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3.1.2 Introduction 

 

Figure 3.1.2.1  Sample model responses (top) and native speaker reactions to model responses (bottom). 

 

Popular tools powered by language models, such as ChatGPT, can exhibit harms toward marginalized 
groups, including stereotyping and worse performance. A growing area of research has examined harms 
on the basis of dialect bias–difficulties faced by speakers of dialects, or language varieties, that have 
fewer speakers or are stigmatized as nonstandard. Given the vast numbers of people who speak 
varieties of English other than Standard American English (SAE), the variety typically produced by 
ChatGPT, we examine how ChatGPT performs for speakers of minoritized (or non-“standard”) 
varieties of English. 

Our work addresses two central questions. First, how does the behavior of ChatGPT differ in response 
to different varieties of English? Second, what harms (if any) do ChatGPT responses exhibit toward 
speakers of minoritized varieties of English, such as perpetuating stereotypes? Because standard 
varieties of English, particularly SAE, dominate available training data and are prioritized in research 
and industry contexts, we hypothesized that “standard” varieties of English would be treated as the 
default and receive innocuous responses. By contrast, we hypothesized that models would produce 
potentially harmful outputs in response to minoritized varieties. 

We prompted both GPT-3.5 Turbo and GPT-4 with text in ten varieties of English: two standard 
varieties, SAE and Standard British English (SBE); and eight minoritized varieties: African American 
English (AAE), Indian English, Irish English, Jamaican English, Kenyan English, Nigerian English, 
Scottish English, and Singaporean English.1 First, to understand whether ChatGPT imitates features 
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of input varieties, we annotated the responses to each variety for a set of paradigmatic linguistic features 
of that variety (Section 3.1.5). Then, to understand whether speakers of minoritized varieties experience 
differences in response quality or potential harms when using language models, we surveyed native 
speakers of each variety for multiple qualities of the generated outputs (Section 3.1.6). 

In our first study, we find that distinctive linguistic features are reduced in responses to all minoritized 
language varieties, while responses to SAE and SBE retain the most features by a considerable margin. 
For minoritized varieties, feature retention appears to correlate with speaker population size. In our 
second study, we find that model responses to minoritized varieties are perceived as more stereotyping, 
demeaning, unnatural, and condescending; and less able to comprehend the input. We also find that 
when GPT-3.5 is prompted to imitate the input dialect, its responses exacerbate stereotyping content 
and lack of comprehension. GPT-4 responses imitating the input improve on GPT-3.5 in terms of 
warmth, comprehension, and friendliness, but further exacerbate stereotyping. 

Given ChatGPT’s presumed excellent performance on English, understanding performance 
discrepancies for varieties of English that already face stigma is critical. Discrepancies that limit 
language models’ ease of use for minoritized populations could exacerbate existing global inequities. 
Meanwhile, advancement of limiting stereotypes and other harms could discourage speakers of 
minoritized varieties from using language models and reinforce discriminatory perspectives. 

3.1.3 Related Work 
Languages typically exhibit wide variation associated with speakers from different regions, social 
groups, or identities Labov (2006); Eckert and Rickford (2009). Speakers of language varieties that do 
not enjoy status as a “standard” dialect face discrimination across settings including housing, 
employment, education, and criminal justice Adger et al. (2014); Baugh (2005); Drożdżowicz and Peled 
(2024); Rickford and King (2016). Dialect discrimination often serves as a proxy for other forms of 
discrimination, such as racism, classism, and xenophobia Baker-Bell (2020); Wiley and Lukes (1996). 

Issues of linguistic discrimination in natural language processing (NLP) have raised increasing concern. 
Research on English is the status quo Bender (2019); Joshi et al. (2020); even within English, 
prioritization of standard varieties could result in differential performance and opportunity allocation, 
as well as linguistic profiling Nee et al. (2022). 

Previous work has explored some dialect biases in language models. This research has largely focused 
on AAE, for which studies have found evidence of bias in hate speech detection Sap et al. (2019), 
language identification Blodgett et al. (2018), speech recognition Koenecke et al. (2020); Martin and 
Tang (2020); Martin and Wright (2023); Wassink et al. (2022); Zellou and Holliday (2024), and text 
generation Deas et al. (2023). Hofmann et al. (2024) also find that language models exhibit harmful 
stereotypes about AAE speakers in hypothetical decisions, such as employment and criminal 
conviction. On synthetic data for several varieties, Ziems et al. (2023) find disparities on common NLP 
tasks such as semantic parsing. On other varieties of English, Yong et al. (2023) find mixed results for 
generation of code-mixed Southeast Asian dialects and Ryan et al. (2024) find disparities on a dialog 
intent prediction task for Indian and Nigerian English speakers. 

Our research aimed to address several gaps in the existing literature. To address that most research has 
focused on AAE or synthetic data, we studied responses to native speaker-authored text in a large-scale 
study of ten widely spoken varieties of English globally. In addition, we aimed to understand how 
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harms affect native speakers in the increasingly common setting of casual interaction with a language 
model such as ChatGPT. To do so, we had native speakers evaluate open-ended GPT-3.5 Turbo and 
GPT-4 responses to text in the varieties they speak. To complement previous work based on automatic 
evaluation metrics, we recruited native speakers for our evaluation. These annotators rated the 
responses along multiple axes and gave free-text feedback on their experiences to provide a richer 
understanding of native speaker perspectives. 

3.1.4 Approach 
We selected ten varieties of English (AAE, Indian English, Irish English, Jamaican English, Kenyan 
English, Nigerian English, SBE, Scottish English, Singaporean English, and SAE) based on factors 
including first and second language speaker population counts, availability of linguistic literature on the 
varieties, geographic spread, and socio-historical context. We aimed to include varieties with larger 
speaker populations, which represent significant potential user groups for tools like ChatGPT. It was 
also essential to select varieties with enough linguistic description to determine distinctive features for 
each variety. Finally, we ensured that the varieties chosen have a sufficient geographic spread and reflect 
different socio-historical contexts by which English came to be spoken in a particular area. 

English language data was collected from several sources (Appendix D). Nigerian, Jamaican, Indian, 
Irish, and Kenyan English data was drawn from the International Corpus of English (ICE) Greenbaum 
and Nelson (1996); Hundt and Gut (2012). For each of these varieties, we chose to only analyze social 
letters in order to mimic the informal tone and style of text that users would use in dialogue with 
language models. SAE and SBE were sourced from Reddit posts on US and UK cities’ subreddits, 
respectively Zhang (2023).2 AAE was sourced from Blodgett et al. (2018). Scottish English data was 
drawn from the correspondence and letters subset of the SCOTS corpus Anderson et al. (2007). 
Singaporean English data was sourced from the text messages in the CoSEM corpus Gonzales et al. 
(2024). 

3.1.4.1 Overview of studies 

We conducted two studies to understand language model behavior in response to minoritized varieties. 
Before assessing potential harms, we first aimed to descriptively characterize model behavior in 
response to minoritized varieties. For this first study, we prompted GPT-3.5 Turbo to respond to 
inputs in the minoritized varieties. We annotated the inputs and responses for linguistic features of each 
variety to understand whether model responses retain features of the input variety (Section 3.1.5). We 
also sought to understand whether certain types of features from an input variety are retained more 
than others and what factors might influence feature retention. 

For our second study, we investigated potential harms that could arise from model responses to 
minoritized varieties (both by default, and specifically when it attempts to produce a minoritized 
variety). We first collected additional responses, prompting GPT-3.5 Turbo and GPT-4 to imitate the 
input varieties when responding to each variety. Responses under each scenario (GPT-3.5 without 
imitation, GPT-3.5 with imitation, and GPT-4 with imitation) were annotated by native speakers of 
each variety for a range of potential harms, such as stereotyping content and comprehension of the 
input. We analyzed the responses to understand how language models may perpetuate harms against 
native speakers of minoritized varieties, and whether the nature or extent of these harms changes when 
models explicitly try to imitate the variety or when more powerful models can imitate the features of 
the variety more convincingly (Section 3.1.6). 
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3.1.5 Study 1: Assessing linguistic features of default responses 

For our first study, we conducted evaluations to test the following hypotheses: (1) that ChatGPT 
responses will have a reduction in the features of different varieties of English for all varieties tested 
except SAE; and (2) that ChatGPT responses will have increased American orthography. Ten of the 
most prominent features of each variety were selected for our analysis. These features were selected 
based on existing linguistic descriptions of each variety, focusing on the morphosyntactic features 
(word- and sentence-level features that can be observed in written data) that the existing documentation 
deems particularly distinctive (full annotation guides in Appendix B). These features range from 
distinctive lexical items (e.g. flat meaning ‘apartment’ for SBE) to distinctive sentence structures (e.g. 
lack of subject-verb inversion in yes-no questions in Indian English). 

We also identified the orthography of the output: American, British, or either (no distinctive features 
found). The focus on American and British orthography stems from the socio-historical context of 
English colonization in the British Isles, Africa, Americas, and Asia, and the United States’ expanding 
sphere of influence and colonization efforts in the Pacific, which has led to most English language 
communities adopting the orthography of Britain or the US (e.g., analyse/analyze, favour/favor). As with 
the linguistic features discussed above, distinctive orthographic features were determined based on 
existing linguistic description. 

For each variety, we sampled approximately 50 messages3 to prompt GPT-3.5 Turbo via the OpenAI 
API. The inputs provided to the model focus on benign topics related to daily life (e.g. updates about 
how the author is doing, travel recommendations for particular areas, etc.). The system prompt 
(Appendix C) encouraged the model to respond directly to the letter. Two reviewers from our research 
team independently assessed each (input, output) pair for the ten selected distinctive features of the 
variety, in addition to the orthography (Krippendorff’s α=0.97). We averaged results for the two 
reviewers per variety to conduct our evaluations. 

3.1.5.1 Results 

 

Variety of English # Features: Inputs # Features: Outputs % Retention ↑ 

SAE 295 230 78% 

SBE 291 210 72% 

Indian 73 12 16% 

Nigerian 44 5.5 13% 

Kenyan 90 9 10% 

Irish 26 1 4% 

https://arxiv.org/html/2406.08818v3#A2
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AAE 63 2 3% 

Scottish 37 1 3% 

Singaporean 40 1 3% 

Jamaican 51 1 2% 

Figure 3.5.1.1  Overview of language varieties and features represented in inputs and GPT-3.5 outputs. Figure from Fleisig et al. (2025). 
 

Model outputs retain features of SAE and SBE far more than those of other varieties, though 

some features of other varieties are still retained. 

Appendix A, Table 4 lists the distinctive features retained across input-output pairs for each variety. 
SAE had the least reduction in linguistic features, with a 77.9% feature retention rate, followed by SBE 
at 72.2%. Outputs in response to the remaining eight varieties had far lower retention of linguistic 
features (Table 1). Five varieties experienced only 2-3% feature retention in the generated outputs. 
Indian, Nigerian, and Kenyan English experienced significant but less extreme reductions of linguistic 
features in outputs (10-16% retention). 

 

Figure 3.1.5.1.2  Estimated maximum speaker population vs. retention rate for minoritized varieties.  

 

Feature retention rate correlates with estimated maximum speaker population.  Curiously, the 
model neither retains features from all minoritized varieties equally nor produces exclusively SAE 
features. This could be due to the amount of available training data for each variety, which likely 
depends on the number of speakers. Due to the lack of reliable estimates for the amount of available 
training data or number of speakers of each variety, we estimate maximum speaker population based 
on the population of each country where the variety is spoken (population sources in Appendix D).4 

https://arxiv.org/html/2406.08818v3#A1
https://arxiv.org/html/2406.08818v3#A1.T4
https://arxiv.org/html/2406.08818v3#S4.T1
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Although members of these populations may not necessarily be speakers of these varieties, and speakers 
from other regions may also speak these varieties, they serve as approximate estimates for the maximum 
speaker population. Indeed, the retention rate for minoritized varieties correlates with estimated 
maximum speaker population for the variety (Figure 3.1.5.1.2). This suggests that the training data 
available to language models may influence the extent to which they retain features of different varieties. 

In regards to orthography, the percent of outputs in American orthography increased for every 
language variety, while the percent of outputs in British orthography decreased (Figure 3.1.5.1.3).5 For 
all varieties except SAE and AAE, where American orthography is the default, use of American 
orthography increased by 13-43% in the outputs and use of British orthography decreased by 13-63%. 
Even for SBE, British orthography decreased significantly in the outputs (-39.71% for British 
orthography; +29.18% for American orthography). 

 

Figure 3.1.5.1.3  Change in % of examples using British, American, or either orthographic style from inputs to outputs. Figure from 
Fleisig et al. (2025). 
 

We also explored common linguistic features of each language variety and whether they are maintained 
in the outputs (common distinctive features found are in Appendix A, Table 3). Compared to the 
inputs, the generated outputs exhibit significant reduction in features for all English varieties except 
SBE and SAE. For instance, 19 Kenyan English inputs in the data display article omission (e.g. All I 
wish you is Ø happy stay in Kenyan English vs. All I wish you is a happy stay in SAE), while only one 
generated output displays this linguistic feature. In contrast, responses to SBE and SAE exhibit some 
increases in variety-specific linguistic features compared to the inputs. These include two more 
instances of adverbs modifying verbs in the SBE inputs (e.g. Personally, I find it slightly unethical) and 
three more instances of present tense verbs that end in -s with 3rd person subjects (e.g. that helps). 
However, these two features are grammatical in both SBE and SAE; that is, both varieties allow this 
use of adverbs and 3rd person singular -s. Thus, even these rare cases of feature increase in GPT-3.5 

https://arxiv.org/html/2406.08818v3#A1
https://arxiv.org/html/2406.08818v3#A1.T3


 

 

51 
outputs often simply replicate Standard American English features. 

The distinctive features that are retained tend to be lexical features, or features that are 
grammatical in SAE.  To consider which distinctive features were retained across input-output pairs, 
we calculated their retention rates: if a feature was present in an input and its corresponding output, 
this example was counted as a retention for that feature. All varieties except SBE and SAE have very 
limited feature retention: Kenyan and Indian English had 3 out of 10 features retained each, Jamaican 
English had no features retained, and the other varieties had one feature retained each. 

The most commonly retained type of feature–seen in all but one English variety in Table 4–is lexical, 
including borrowed and distinctive words. The retention of lexical features in GPT-3.5 outputs is 
unsurprising because these features are generally more common and more visible than grammatical 
features, which relate to more subtle linguistic patterns such as word order or morphological marking 
(e.g., past tense -ed). In fact, these examples of lexical retention often involve ChatGPT parroting back 
a word from the input, though sometimes changing the spelling to be more in line with American or 
British orthography (e.g. GPT-3.5’s our leisure activities, including beer, music, and nyama choma in response 
to particularly with beer, music, and nyawa-choma; Kenyan English). 

SAE and SBE had 9 out of 10 features retained each. However, the vast majority of these retained 
features are either lexical or grammatical in both SBE and SAE, since these varieties have much in 
common. For SBE, one lexical feature and eight grammatical features are retained. All eight of these 
grammatical features are also found in SAE. For SAE, all nine retained features are grammatical. All 
retained SAE features except for “singular collectives” (i.e. The government is discussing… in SAE vs. The 
government are discussing… in SBE) are also grammatical in SBE. This pattern highlights that even when 
GPT-3.5 retains a high number of distinctive features in the language that it produces, this language 
still closely aligns with SAE. 

Finally, we examined which distinctive features were introduced by GPT-3.5 (Appendix A, Table 5). If 
a feature was present in an output but was not in the corresponding input, this example was counted 
as an introduction for that feature. Only SAE and SBE have feature introductions; no features of any 
other English variety are introduced by GPT-3.5. Introduced features are uniformly less frequent than 
retained features: every introduction frequency in Table 5 is lower than the corresponding retention 
frequency in Table 4. Notably, nearly all introduced features are grammatical in both SAE and SBE. 
The two exceptions are distinctive British lexical items, which are not found in SAE, and singular 
collective nouns in SAE but not SBE. Both of these features only have a single introduction each. This 
pattern highlights that even the distinctive features that GPT-3.5 does retain still closely align with SAE. 

3.1.6 Study 2: Native speaker evaluation of output disparities 
Our second study explored to what extent ChatGPT outputs might perpetuate harms in response to 
speakers of minoritized language varieties. Our analyses aimed to answer three questions: 

• By default, what harms do native speakers of minoritized varieties face when interacting with 
language models, relative to speakers of standard varieties? 

• How do these harms change if the model is prompted to imitate the input variety? 

• Does using a newer model that is better at imitating minoritized varieties (GPT-4 instead of GPT-

https://arxiv.org/html/2406.08818v3#A1.T4
https://arxiv.org/html/2406.08818v3#A1
https://arxiv.org/html/2406.08818v3#A1.T5
https://arxiv.org/html/2406.08818v3#A1.T5
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3.5) improve or worsen these harms? 

 

Figure 3.1.6.1  Average response ratings by variety (5-point scale). Red titles indicate negative qualities, green indicates positive, and yellow 
indicates neutral. Gray horizontal lines are 95% confidence intervals. The orange dotted line is the average for the standard varieties (SAE and 
SBE) for ease of comparison. Responses to minoritized varieties (blue) were rated as worse in terms of stereotyping (19% gap), demeaning content 
(25%), comprehension (9%), naturalness (8%), and condescension (15%).  
 

For this study, after completing the annotation process, we selected all of the input letters for each 
language variety for which the input or output contained at least one feature. Then, these selected input 
letters were fed into GPT-3.5 and GPT-4 with a new system prompt that instructs the model to attempt 
to match the style and tone of the letter in its response. Native speakers of each variety were then 
recruited to evaluate the responses via Prolific (see Appendix D for details on survey format, 
recruitment, filtering, consent, and compensation). Each annotator completed a survey consisting of 
twelve input-output pairs in random order, with six outputs from GPT-3.5 (prompted simply to 
respond); three from GPT-3.5 (prompted to imitate the input); and three from GPT-4 (prompted to 
imitate the input).6 This resulted in 879 total examples annotated (mean of 87.9 per variety). For each 
(input, output) pair, annotators assessed the output on 5-point Likert scales for nine qualities: 
stereotyping, demeaning content, condescension, formality, comprehension, naturalness, warmth, 
friendliness, and respect. We included a short reflection at the end asking speakers to give open-ended 
feedback as well. We also asked annotators to optionally provide demographic and background 
information to ensure we incorporated diversity among our participants, account for common linguistic 
variation along demographic dimensions, and ensure participant familiarity with the English variety 
being examined. 

3.1.6.1 Results 

We first compared responses to minoritized varieties against responses to the “standard” varieties, SAE 
and SBE, when GPT-3.5 is prompted simply to respond to the input. SAE and SBE exhibit very similar 
patterns in the results, with ratings within 0.25 points of each other on all axes except demeaning 
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content and formality. 

GPT-3.5 responses to minoritized varieties are rated as worse than responses to standard 
varieties on most axes.  On average, responses to minoritized varieties were rated as 25% more 
demeaning and 19% more stereotyping. Responses to Indian and Jamaican English were seen as most 
demeaning and responses to Irish and AAE seen as least demeaning. Responses were seen as more 
stereotyping for all minoritized varieties except AAE, with responses to Nigerian, Indian, and Irish 
English seen as particularly stereotyping. The fact that AAE is an exception here is unexpected, given 
the well-documented evidence of discriminatory outputs in response to AAE (e.g., Hofmann et al., 
2024; see also Section 3.1.3). This could be a result of deliberate efforts to improve performance for 
AAE on these models, though it is unclear if any such mitigations have been implemented. 

Responses to minoritized varieties were also rated on average as 9% worse at comprehending the input 
and 15% more condescending. Responses for every minoritized variety were seen as more 
condescending than responses to SAE and SBE, with responses to Jamaican and Singaporean English 
perceived as particularly condescending. Responses to minoritized varieties were also typically 
perceived as less natural (8% gap on average). Though several varieties are rated as similarly natural to 
SAE and SBE (or slightly higher, for Nigerian English), several are rated as significantly less natural 
(Scottish, Indian, Singaporean, and AAE). 

The level of formality differed across varieties, with responses to Indian English rated as most formal 
and responses to Jamaican English seen as least formal. Warmth and formality tend to be inversely 
correlated, as expected. Most varieties are rated as similarly warm and friendly. As expected, warmth 
and friendliness ratings are correlated: for example, Indian English responses are rated lowest for both 
criteria and Irish English responses are rated highest for both. Counterintuitively, responses to non-
SAE varieties are generally perceived as more respectful (+10% on average). This could be due to 
responses in a standard variety being perceived as more respectful by the participants (see also Section 
3.1.5.1). The differences in stereotyping, demeaning content, comprehension, naturalness, respect, and 
condescension between standard and minoritized varieties are all significant (p<.05).7 

Responses imitating the input dialect exacerbate stereotyping and lack of comprehension.  
Comparing GPT-3.5 responses with and without prompting to imitate the input style (Figure 5), we 
find that when imitating the input, comprehension decreases across all varieties (-6% for all varieties; -
6% for minoritized varieties specifically) and stereotyping increases across all varieties (+9% for all 
varieties; +10% for minoritized varieties). Formality decreases across all varieties (-14% for all varieties; 
-15% for minoritized varieties). No significant changes were found along other axes. The increase in 
stereotyping content and lack of comprehension suggests that imitating the input dialect can exacerbate 
potential harms. These effects do appear to be relatively uniform: speakers of “standard” varieties and 
speakers of minoritized varieties reported similar changes. The decrease in formality could be helpful, 
if it ameliorates undue formality, or could exacerbate harms if perceived as overly familiar. 

https://arxiv.org/html/2406.08818v3#bib.bib21
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Figure 3.6.1.1  Top: Change in average ratings for each variety from GPT-3.5 responses that do not imitate the input variety to GPT-3.5 
responses that do. Bottom: Change in ratings from GPT-3.5 responses that imitate the input variety to GPT-4 responses that imitate the input 
variety. 
 

Imitation by GPT-4 improves on some axes but worsens stereotyping.  Comparing the responses 
in which the model is asked to imitate the style of the input (Figure 5), we see that imitative responses 
from GPT-4 are rated as better than imitative responses from GPT-3.5 in terms of comprehension 
(+10% for all varieties; +10% for minoritized varieties), warmth (+6% for all varieties; +7% for 
minoritized varieties), and friendliness (+6% for all varieties; +6% for minoritized varieties). These 
results suggest that GPT-3.5 improves on GPT-4 along multiple dimensions. In particular, 
comprehension is rated as higher for imitative GPT-4 outputs than even GPT-3.5 without imitation, 
which could improve quality of service for speakers of minoritized varieties. However, responses show 
a marked increase in stereotyping (+18% for all varieties; +14% for minoritized varieties). This result 
suggests that, although GPT-4 might be better able to imitate features of the input variety, this ability 
comes at the cost of increased stereotyping. 

Formality decreases across all varieties (-20% for all varieties; -18% for minoritized varieties), which 
could improve or worsen quality of service depending on speaker perspectives. Differences along other 
axes were not significant. We also see that stereotyping and demeaning content increase more for 
standard varieties (+39%, +25%) than for minoritized varieties (+14%, +1%): when GPT-3.5 imitates 
the input style, stereotyping/demeaning content is more severe for minoritized varieties, whereas 
stereotyping/demeaning content appears to a similar extent across varieties under GPT-4. However, 
the disparity between the level of stereotyping/demeaning content for minoritized vs. standard varieties 
lessens under GPT-4 not because these qualities improve for minoritized varieties, but because they 
worsen for standard varieties. Stereotyping and demeaning content remain a problem for minoritized 
varieties in GPT-4 responses. The results when the models imitate the input variety suggest that, 
although GPT-4 improves on GPT-3.5 for several axes, prompting models to produce non-standard 
varieties does not resolve speakers’ concerns about model responses and in fact introduces new 
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concerns regarding increased stereotyping. 

3.1.6.2 Qualitative Native Speaker Feedback 

When soliciting native speaker feedback, we also asked annotators to provide free-text responses about 
their experience annotating the data. These responses indicated a wide range of attitudes regarding 
model responses to minoritized varieties. 

Several annotators expressed surprise that the models performed as well as they did. One Jamaican 
English speaker was “kind of impressed that ChatGPT could understand that much from Jamaican 
[patois].” A Nigerian English speaker reported being “glad chatgpt is almost thinking and responding 
like people like me,” while another “had a really good time” and “was really surprised that was coming 
from chatGPT.” Feedback from SAE and SBE speakers was generally positive, though some noted 
that the responses felt “excessively friendly,” “very formal,” or “somewhat stilted.” 

However, others reported that the responses felt unnatural in various ways: a Nigerian English speaker 
felt “like I was being stereotyped a bit,” a Kenyan English speaker felt that “some responses were not 
as friendly,” and a Singaporean English speaker felt that some “felt too formal […] a little robotic.” An 
African American English speaker explained that while AAE speakers are “familiar with the concept 
of code-switching […] a chatbot can’t make those tweaks,” causing responses to seem “just a 
little…off.” 

Other annotators expressed more frustration and discomfort at the model responses, particularly those 
imitating the input. One AAE speaker described being “somewhat disturbed” by the idea of chatbots 
reproducing AAE. A Singapore English speaker wrote that the outputs “do not feel like they’re written 
by the typical Singaporean” and another felt that “the super exaggerated Singlish in one of the responses 
was slightly cringeworthy.” These responses highlight the range of reactions that native speakers feel 
regarding model responses to minoritized varieties, as well as some of the failure modes of model 
responses: unnatural tones, undue formality, excessive stereotyping, and potential appropriation or 
disparagement of minoritized varieties. 

3.1.7 Discussion & Conclusion 
Our research illustrates differences in GPT-3.5 and GPT-4 responses across varieties of English. GPT-
3.5 retains features of SAE and SBE more than features of minoritized varieties of English. The 
distinctive features that are retained tend to be lexical items or features that are grammatical in SAE. 
For minoritized varieties, feature retention rate correlates with estimated maximum speaker population, 
which may reflect available training data. 

Model responses can also fail to adequately serve speakers of minoritized varieties through increased 
stereotyping, demeaning content, condescension, and lack of comprehension. GPT-3.5 responses that 
attempt to imitate the input further exacerbate stereotyping and lack of comprehension. Exceptions to 
this trend highlight places where model quality has improved: GPT-4 responses imitating the input 
tend to improve on imitative GPT-3.5 responses in terms of comprehension, warmth, and friendliness. 
However, GPT-4 responses exhibit even higher levels of stereotyping, suggesting that reducing 
stereotyping content in response to minoritized varieties is of particular concern. 

Disparities in output quality for speakers of minoritized varieties may hamper their ability to use 
language models; furthermore, harmful responses can perpetuate discriminatory ideologies. As 
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language model usage increases globally, these tools risk reinforcing power dynamics that harm 
minoritized language communities. 

3.1.7.1 Limitations and Ethical Considerations 

In beginning the study, we initially sought to access Twitter data. However, we were not able to access 
data given changes in the leadership of Twitter (now X), which prevented access to the Twitter API 
for researchers. We therefore pivoted to find informal, written data for the various language varieties 
from different sources. While we captured informal, written language data for all varieties, some of the 
data was in the form of letters from the International Corpus of English, while other language varieties 
were sourced from social media (SAE, SBE, Scottish) and text messages (Singaporean). This meant 
there were some differences in the level of informality for language data. 

In addition, survey responses were collected through Prolific, which is only available in some countries 
(most OECD countries, Croatia, and South Africa). We used Prolific because it facilitated survey 
logistics and there were users of each of the ten target English varieties on the platform. However, 
these users were consolidated primarily in Europe and North America. While some of the ten English 
varieties come from this part of the world, many other varieties originate elsewhere (e.g., Nigeria, 
Singapore, etc.). Speakers of English varieties whose countries were not available on Prolific were 
necessarily based elsewhere. Given that location is a parameter of linguistic variation, it is possible that 
speakers on Prolific have linguistic differences from those elsewhere, though we are not currently aware 
of any ways in which this fact impacted our findings. 

Our study centered on linguistic discrimination in GPT-3.5 Turbo and GPT-4 because of ChatGPT’s 
comparatively large and widespread user base; however, future work could examine the potential for 
dialect discrimination in other language models. 

Research that investigates model performance on imitating minoritized varieties carries the risk of 
facilitating future efforts to produce minoritized varieties, which could result in appropriation or 
impersonation of those language communities. In addition, our study only examined varieties of 
English, but dialect discrimination is present in other languages as well. We acknowledge that closing 
the gap between research in English and research on other languages is crucial; understanding model 
behavior in response to varieties of other languages is an important direction for future work. 

  

 

 

3.2 Identity and personality in the social perception of synthesized 
voices: perceptions of OpenAI’s text-to-speech technology 

As the line between human speakers and “AI-generated” voices becomes increasingly blurred, it is 
important to understand how sociolinguistic knowledge affects human-computer interaction. Human 
listeners have been shown to rely on real-world biases, along with acoustic cues and their social 
associations, to characterize AI-synthesized voices, but it is often unclear if or how these factors 
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interact. We examined these issues by conducting a production and perception study on OpenAI’s 
Whisper-generated voices. Listeners heard each of the generated voices and rated them for perceived 
demographic features and personality traits. We find that particular voices are consistently associated 
with specific combinations of age, race/ethnicity, gender, and personality traits; we also find that 
ratings differ by listener demographics. Acoustic analysis indicates that the voices differ in properties 
such as subharmonic-to-harmonic ratio, H1-H2, mean f0, and intonational contours. Altogether, we 
find that listeners from various backgrounds converge on meaningful, imagined personae for 
synthesized voices, and that prosodic features may influence how listeners arrive at these judgments. 
Human listeners readily ascribe real-world social characteristics to synthesized voices, demonstrating 
the importance of human experience in human-computer interaction and the deep entrenchment of 
social judgment in all kinds of communication, even with non-human actors. 

 

3.2.1 Introduction 

As AI-generated[1] speech becomes harder to distinguish from human speech, studies have begun to 
question how human biases are projected onto emerging speech technologies. Research on language 
technology, such as voice assistants, offers compelling evidence that this technology reinforces 
language ideologies related to who speaks and how in a given context (Abercrombie et al. 2021; Bender 
2023; Curry et al. 2020; Goodman and Mayhorn 2023; Holliday 2023; Hwang et al. 2019; Walker 2020; 
Watkins 2021; West et al. 2019). Purnell et al. (1999) demonstrated that dialect discrimination is made 
possible in part by the underlying biases that are associated with certain speaker groups and are 
triggered via phonetic cues. Thus, understanding the role of acoustic and prosodic features in such 
perceptions informs how listeners arrive at sociological assumptions about nonhuman interlocutors. 
This insight is crucial due to the potential for language technology to reinforce real-world 
discrimination: consistent use of acoustic combinations that listeners associate with certain speaker 
groups, for particular use cases, could reduce linguistic variation in generative speech models and 
entrench stereotypes that are then reflected back onto real speakers (Sutton et al. 2019). 

Nevertheless, the relationship between voice quality features and associated stereotypes remains a 
complex research question. Because different listeners interpret speech according to their own social 
categories, listener identity and experience must also be incorporated into investigations of perception 
of synthesized voices (Jaggers 2018:72). To address these questions, we conducted a production and 
a perception study centered around the nine different Whisper voices available through OpenAI’s 
text-to-speech model (Radford et al. 2022). At the time of our study, the 9 available voices were alloy 
, ash , coral , echo , fable , nova , onyx , sage , and shimmer (Figure 3.2.1.1). We complemented the 
perception and production analysis with discussion of how each voice is used in practice, by analyzing 
the use cases of the top 15 code repositories for each voice via GitHub’s search API. Doing so enables 
us to assess the extent to which some vocal features are considered more appropriate for particular 
uses or contexts. 

 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_001
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https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_055
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_009
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_017
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_019
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_022
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_048
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https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_050
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Figure 3.2.1.1: Summary of production, perception, and use case findings. Click to hear a sample: alloy, ash, coral, echo, 
fable, nova, onyx, sage, and shimmer. 

This study contributes to the growing literature on synthesized voices by providing empirical evidence 
for the link between acoustic, prosodic, and voice quality features that influence social and 
demographic perceptions, and how these perceptions extend to the creation of personae for 
nonhuman interlocutors. Thus, this research aims to fill some of the lacunae in socioprosodic research 
as it intersects with evolving generative speech technology. 

3.2.1.1 Background: perception of human and AI voices 

Previous work has established that, even in the absence of visual information, listeners associate 
acoustic features with particular imagined personae or social traits, such as region and dialect (e.g. 
Clopper and Dossey 2020; Clopper and Smiljanic 2011), ethnicity and race (e.g. Holliday and Villarreal 
2020; Thomas and Reaser 2004), gender (e.g. Davidson 2019; Zimman 2013), or attractiveness (e.g. 
Babel et al. 2014; Michalsky and Schoormann 2017). For example, Holliday and Villarreal (2020) 
investigated the effect of manipulating the height and slope of H* and L+H* pitch accents on ethnic 
identification of a known speaker, Barack Obama, demonstrating that Obama was perceived as more 
Black when samples contained L+H* pitch accents with higher slopes. This finding suggests 
associations of certain intonational patterns with Black speakers. Babel et al. (2014) examined the 
effect of a range of acoustic and prosodic features on the perception of vocal attractiveness. The 
authors find that a number of acoustic features, including shorter duration in male speakers and 
increased breathiness and /u/-fronting in female speakers, predict higher attractiveness ratings. They 
suggest that these features index masculinity/femininity, or, in the case of /u/-fronting, in-group 
membership (participants were from California, where this is a common feature). These results 
demonstrate that acoustic features can be associated with gender and region and can influence not 
only perception, but evaluation. 
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Because of this relationship, speech can serve as a cue for discrimination. Linguistic profiling is a well-
established phenomenon for both demographic categories and personality traits. Purnell et al. (1999) 
demonstrated that the same speaker was less likely to get a housing appointment over the phone when 
using an African American English or Chicano English guise than a Mainstream American English 
guise. They also found that dialect identification can be successfully done in as little as a single word 
(e.g., saying “hello”), which can provide the listener with enough pitch-contour, vowel quality, and 
phonation information to make an accurate judgment. Drawing on Fiske et al. (2002)’s model of 
stereotype content, Ko et al. (2009) found that increased vocal femininity led to decreased predictions 
of competence. Stewart and Ryan (1982) found that older speakers were judged to be less competent, 
less flexible, and more old-fashioned than younger speakers, and were perceived as belonging to lower 
social classes. Thus, vocal cues can activate stereotypes on a number of dimensions. 

Furthermore, research on sociolinguistic style in the last few decades has examined how social 
meaning and stance is expressed via nuanced linguistic choices. Through these choices, expressed 
linguistic ideologies, attitudes, and behaviors contribute to the construction of personae, i.e. socially 
meaningful character types as imagined or actually experienced by language users, which are shaped 
by “broadly circulating ideologies” and may serve as more informative social constructs than macro-
social categories (D’Onofrio 2019). Studies on the role of personae in production (e.g. Podesva 2007; 
Zhang 2008) and perception (e.g. D’Onofrio 2015, 2019) highlight the range of social meanings that 
personae can index, which suggests that listeners maintain complex cognitive representations of social 
meaning that may transfer over to synthesized voices. Sutton et al. (2019) link the body of work on 
persona construction to parallel research in human-computer interaction (HCI). Drawing on Pfrehm’s 
(2018)’s concept of technolingualism, the idea that “technology both shapes and is shaped by 
language,” Sutton et al. discuss how, when using voice as a medium in user interfaces, design choices 
can both influence and be influenced by linguistic stereotypes and speech ideologies. They link the 
sociolinguistic research on persona construction to listener associations between voices and personas 
in HCI, such as Nass et al. (1994)’s finding that participants treated computers with different voices 
as distinct social actors and retained the voice-persona association across interactions. Based on this, 
Sutton et al. call for design strategies that promote individualization, contextual awareness, and 
diversification of voice outputs and advocate for social responsibility in the development of voice user 
interfaces. For example, they argue for providing a wider representation of voice outputs that “deviate 
from the perceived ‘standard’ of nations” to mitigate the prestige of the standard variety and challenge 
prejudices against stigmatized varieties. 

When listening to synthesized voices, listeners make associations between acoustic features and social 
categories that resemble those made when listening to human speakers. Several studies have 
demonstrated that synthesized voices designed to sound masculine or feminine are consistently 
perceived as intended, even when participants are presented with the opportunity to designate a voice’s 
gender as neutral or unknown (Abercrombie et al. 2021; Fortunati et al. 2022; Holliday 2023; 
Mooshammer and Etzrodt 2022). This is especially true when other gendered cues (such as name, or, 
for physical robots, shape) are also provided (Abercrombie et al. 2021). On the other hand, voices 
designed to be ambiguous or genderless are not consistently categorized as such. Instead, individual 
participants tend to classify them as either masculine or feminine, but with a greater degree of 
variability between participants (Mooshammer and Etzrodt 2022). This suggests that even when 
deliberate efforts are made to minimize the extent to which listeners assign social categories and 
personality traits to synthesized voices, they may not deter listeners from doing so. 

Recent work also addresses the ascription of race to synthesized voices. Holliday (2023), following 
observations from users that claimed new voices for Apple’s Siri released in 2021 “sounded Black,” 
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investigated the extent to which listeners shared this perception in an experimental environment. She 
found that, while the original Siri voices were consistently perceived as White, about half of the 
participants perceived the two new voices as Black. Holliday (2023) suggests that listeners imagine 
Siri’s voices as belonging to constructed personae and that these personae are correlated with a number 
of acoustic cues. Investigating several axes of perception (race, gender, age, region, and personality 
traits), her results also indicate that participants most clearly constructed a persona for Siri’s “Voice 
3” as a young, Black, Southern man, and as funnier but less competent or professional than the other 
voices. 

In conjunction with Mooshammer and Etzrodt (2022)’s finding that listeners tend to perceive both 
gender-ambiguous and unambiguous synthesized voices as gendered, these findings suggest that 
listeners do not merely perceive synthesized voices as resembling human speakers belonging to 
different demographic categories. Rather, they imagine that synthesized voices belong to personae 
that have their own demographic and personal traits. In some cases, this may align with the intent of 
the synthesized voice’s designers (West et al. 2019), but even when voices are supposed to be neutral 
with respect to some category, this process still takes place (Mooshammer and Etzrodt 2022). 

Furthermore, listeners stereotype these imagined personae in a similar manner to human speakers. 
Holliday (2023) notes that the particular persona listeners attach to Siri’s Voice 3 reflects stereotypes 
about real speakers of AAE. Mooshammer and Etzrodt (2022:60) find that female-sounding 
synthesized voices were rated as more “expressive” than male-sounding ones, reflecting existing 
gender stereotypes. Watkins (2021), investigating how perceived age and gender affect trust in 
synthesized voices used for health information, found that younger-sounding synthesized voices were 
perceived as more trustworthy, and younger female-sounding voices in particular were rated as more 
trustworthy when the reported reliability of the device was low. Either positive stereotypes of younger 
(female) speakers or negative stereotypes about older speakers could contribute to this asymmetry, 
but there is clear covariation between the perceived demographic and personality traits of the imagined 
speaker. 

Although the OpenAI Whisper voices are comparatively new, some prosodic analysis has already been 
conducted. Hu et al. (2024) found that the prosody of one of the OpenAI Whisper voices, fable 
(perceived by the authors as sounding British, as opposed to the other seemingly American voices), 
differs from that of human speakers of British English. Using a functional principal component 
analysis to model f0 curves, the authors found that the pitch accents produced by human participants 
differed between information status conditions, but did not observe the same differentiation in fable’s 
output. Furthermore, the human- and machine-produced pitch accents followed different overall 
trajectories. These results demonstrate that synthesized voices do not exactly replicate human prosody, 
which makes it even more notable that prosodic features nonetheless serve as cues for listeners 
constructing personae for synthesized voices. 

In fact, neither dissimilar prosody nor explicit knowledge that the voices are synthesized seems to 
prevent listeners from making social judgments about synthesized voices. In the majority of the studies 
on synthesized voices discussed so far, participants were aware that they were not listening to human 
speakers, and that the voices they heard could not belong to real people with gender and racial 
identities. Nonetheless, listeners attached voices to personae with whole social identities. This 
tendency suggests that people’s attitudes towards voices that sound similar to speakers within a 
particular social category, including negative stereotypes and implicit biases, cannot be “turned off” 
by the awareness that a synthesized voice is not a real person. 
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Previous research on the link between acoustics and social perception, persona construction, and 
stereotyping of synthesized voices motivates us to investigate: 

1. What social characteristics, regarding both demographics and personality, do listeners ascribe 
to each of the OpenAI Whisper synthesized voices? 

2. How do acoustic differences between the voices impact these listener judgments? 

3. Do demographic differences between listeners influence perception of these synthesized 
voices? 

3.2.2 Methods 

3.2.2.1 Perception experiment 

To measure the perception of gender, age, race/ethnicity, region, and personality of the synthesized 
voices, we conducted a survey-based experiment, followed by a sociodemographic questionnaire. We 
implemented the survey with Qualtrics and recruited through Prolific (Prolific 2025; Qualtrics 2025). 
Listeners were presented with 18 stimuli from the nine Whisper voices in two blocks. All stimuli were 
generated via the text-to-speech model of OpenAI’s Whisper voices, and consisted of the sentence, 
“When the sunlight strikes raindrops in the atmosphere, they act like a prism and form a rainbow” 
(Fairbanks 1960: 124–139). Listeners were told that the voices were AI-generated at the start of the 
survey. The first block of the survey asked about the perceived personality of the voices, which were 
presented in random order. We placed the personality questions first because of evidence for priming 
effects on perceived personality traits from earlier questions (Knowles 1988). Participants used a 7-
point Likert scale to rate how friendly, professional, funny, competent, trustworthy, and pleasant each 
voice sounded. 

In the second block, the 9 stimuli were presented again in a random order. All questions from each 
block were presented on the same screen, and listeners could replay the voices as many times as they 
wanted. Listeners were asked which region the synthesized voice sounded like it was from (Midwestern 
U.S., Northeastern, Northwestern, Southeastern, Southwestern, and Non-American), which 
race/ethnicity the voice sounded like (Asian, Black, Latino/Hispanic, White), and the perceived age 
of the voice (18–24, 25–34, 35–44, 45–54, and 55+). Participants were also asked how masculine or 
feminine each voice sounded on a 7-point Likert scale ranging from “most feminine” to “most 
masculine.” Following these questions, they were presented with an open-ended question that allowed 
them to provide additional feedback on the voice they just heard. Listeners were free to listen to each 
audio as many times as they wanted for all blocks. 

A total of 201 native speakers of American English participated in the perception experiment. 
Listeners were stratified by race/ethnicity and gender to be representative of the general U.S. 
population. Four participants were excluded from the analysis for having a speech or hearing disorder 
(N = 1), or being medically diagnosed with Autism Spectrum Disorder (N = 3), which has been shown 
to affect speech perception performance and is a potential confounding factor (Tsuji and Imaizumi 
2024). In addition to demographic information, we asked participants about their experiences with 
software or synthesized voices; namely, their attitude toward AI-based software or AI voice assistants 
and how often they use AI-based voice software or AI voice assistants. A 7-point Likert scale 
measured participants’ attitudes, ranging from very negative to very positive. Several participants 

(35 %, N = 69) responded that they used AI a few times a week, but 20 % (N = 39) indicated 
significant use per day. Finally, we asked participants to “state all of the technologies that [they] use 
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on a regular basis,” selecting from ChatGPT Voice Assistant, Google Gemini Voice, Amazon Alexa, 
Apple Siri, Microsoft Cortana, other navigation apps, or other text-to-speech software. 

We conducted a series of cumulative link mixed-effect models and multinomial fixed-effect logistic 
regressions in R using the clmm() and multinom() functions from the Ordinal and Nnet packages, 
respectively (Christensen 2025; R Core Team 2018; Venables and Ripley 2002).[2] For the cumulative 
link mixed models, we measured whether the Likert-scale personality and gender ratings depended on 
stimulus voice, listener age, listener gender, listener race/ethnicity, listener L1, the listener’s attitudes 
towards AI, and the listener’s self-reported frequency of AI use. Each cumulative link model used the 
listener as a random intercept. For the multinomial models, we measured whether categorical selection 
of perceived race/ethnicity, perceived age, and perceived region differed when considering the same 
factors as the cumulative link models. We used the Benjamini-Hochberg correction to account for 
multiple hypotheses in the cumulative link models. The Akaike information criterion (AIC; Akaike 
1974) and degree of freedom measurements were computed using default settings from the clmm() 
and multinom() functions. We gathered Nakagawa and Schielzeth (2012) R2 measurements using the 
r2glmm package (Jaeger 2025). See the supplementary materials for a full report of AIC, degree of 
freedom, and R2. For all models, we use an alpha threshold value of 0.01 for establishing statistical 
significance. 

3.2.2.2 Acoustic analysis 

The acoustic analysis of OpenAI’s synthesized voices consisted of several voice quality (VQ) measures 
and a prosodic analysis. All measures in the acoustic analysis were extracted through VoiceSauce (Shue 
et al. 2011), and only vowels were analyzed. VQ refers to the suprasegmental components of speech 
that originate from changes in the vibration of the glottis excluding fundamental frequency (f0); 
namely, breathy and modal voice. Breathy voice, or breathiness, refers to a more relaxed constriction 
of the vocal folds, causing a listener to perceive a more airy quality, while modal voice is generally an 
unmarked VQ. The acoustic measures we collected were harmonics-to-noise ratio (HNR; how much 
noise is in the signal that is not attributed to the voice harmonics), the amplitude difference between 
the first and second harmonic (H1-H2), the subharmonic-to-harmonic ratio (SHR), and cepstral peak 
prominence (CPP; similar to HNR, but accounts for the voice’s f0). Higher HNR, H1-H2, and SHR 
values correlate with breathy voice, while lower values correlate with more modal voicing. High SHR 
can also correlate with a noisier, more constricted voice. CPP exhibits the opposite correlation, as 
lower values are associated with breathier phonation. As mentioned in the introduction, listeners 
ascribe social categories to speakers through their VQ measures; however, a single measure may not 
create an accurate representation of the perceived VQ. Thus, a factor analysis was used to assess the 
relative explained variance of each variable. 

We analyzed the voices’ intonational structure[3] by extracting the f0 at every millisecond across the 
sentences using the STRAIGHT algorithm (Kawahara et al. 1998). We analyzed the f0 trajectory using 
a generalized additive model (GAM). To assess differences and groupings among the voices, we 
visually examined the location and prominence of pitch accents. 

3.2.2.3 Voice use cases 

We complemented the perceptual and acoustic experiments with an analysis of how these voices are 
used in practice, by examining popular open-source coding projects that use each synthesized voice. 
We performed this analysis to understand the idealized associations between voices and the projects 
that suit their imagined personae. As a hypothetical example, if a voice were primarily used for 
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narrating children’s stories, then the voice may have acoustic qualities that cause speakers to form an 
imagined persona of a parent. If a voice is predominantly used for text-to-speech on corporate 
documents, then there may be acoustic qualities that make this particular voice sound more 
professional. 

To understand the most common use cases for each voice, we examined the top 15 code repositories [4] 
on GitHub for each of the nine Whisper voices using GitHub’s search API. For each code repository, 
we grouped the use cases into 11 categories: video and podcast creation, robots and physically mobile 
agents, self-help and productivity, business, gaming, learning (e.g. teaching demonstrations), stories, 
personal assistants and chats, informational (e.g. summarizing news), generic agents/assistants, and 
those with no specific named use case. 

3.2.3 Results 

3.2.3.1 Perceived gender, age, and region 

Participant responses exhibit three clusters of voices perceived as highly feminine, highly masculine, 
and gender-ambiguous. The cumulative link model shows that the Likert scale ratings of gender follow 
a roughly normal distribution, with the logit cutoff estimates steadily increasing for each point on the 
Likert scale (−2.67 < −0.97 < 0.01 < 1.01 < 2.04 < 3.65; see supplementary materials for detailed 
statistics). The cumulative link models revealed that ash (β = 4.61, p < 0.001) and onyx (β = 4.31, p 
< 0.001) are perceived as most masculine, followed by echo (β = 2.65, p < 0.001). Nova (β = −3.19, 
p < 0.001) and sage (β = −3.17, p < 0.001) are perceived as most feminine, followed by coral (β = 
−2.56, p < 0.001) and shimmer (β = −2.25, p < 0.001). Alloy and fable were perceived as most 
androgynous, with fable leaning slightly masculine (β = 0.50, p = 0.007). Listener gender, age, and 
listener race/ethnicity did not significantly affect the perceived gender of the voices (p > 0.01). Further 
analysis, comparing the perceived personality traits, region, race/ethnicity, age, and gender, found that 
the variance in perceived gender is most strongly explained by the factors we measured. Perceived 
gender’s variance stood at R2 = 0.76, compared to R2 < 0.16 for the other perceived personality, 
region, race/ethnicity and age models. 

The multinomial logistic regression on age indicated that ash was perceived as the oldest voice. Ash 
was the most likely voice to be perceived as age 55+ (β = 33.82, p < 0.001) and most likely to be 
perceived as age 45–54 (β = 21.04, p < 0.001). Coral (β = 14.38, p < 0.001) and onyx (β = 13.50, p < 
0.001) were also more likely to be perceived as age 55+. Echo was perceived as the youngest voice 
overall, with participants dispreferring rating echo as part of the 45–54 (β = −2.74, p < 0.001) or 55+ 
age groups (zero ratings of 55+ in the data). The average perceived ages of the voices span roughly a 
decade, but the average perceived age of every voice was under 40 years old (Figure 3.2.3.1). 
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Figure 3.2.3.1: Perceived age and gender (1 = most feminine; 7 = most masculine) for the nine voices. Echo and nova 
were perceived as youngest; coral and ash were perceived as oldest. Nova, sage, coral, and shimmer were perceived as 
most feminine; echo, onyx, and ash as most masculine; and alloy and fable in between. 

For perceived region, few significant results were found for each voice. Compared to the intercept 
speaker (alloy), echo was significantly less likely to be perceived as non-American (β = −4.26, p = 
0.0002). Participant responses to the open question at the end of the experiment highlight the scarcity 
of statistically significant results for perceived region, with comments such as “It’s hard to tell the 
region,” “None of the voices sounded like they had any particular American accents. I chose 
Northwestern for them because, in my opinion, the northwest has the most generic American dialect,” 
and “sometimes it was hard to distinguish accents.” 

3.2.3.2 Perceived race/ethnicity 

Shimmer was most likely to be perceived as Black (β = 2.80, p < 0.001), followed by ash (β = 2.60, p 
= 0.002) and onyx (β = 2.34, p < 0.001); see Figure 3. Onyx and ash were also most likely to be 
perceived as Hispanic (onyx β = 3.11, p < 0.001; ash β = 2.91, p = 0.003). No voice was significantly 

more likely than the others to be perceived as White or Asian (“Asian” was chosen in less than 5  % 
of responses overall). Listener age also influences perceived race/ethnicity: Voices were more likely 
to be perceived as Black by listeners in the age ranges 25–34 (β = 1.48, p = 0.001), 35–44 (β = 1.63, p 
< 0.001), and 55+ (β = 1.91, p = 0.003). Listeners in the 25–34 age range were also more likely to 
perceive voices as White (β = 0.93, p = 0.005), compared to other categories. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_003
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Figure 3.2.3.2: Perceived race/ethnicity for the nine voices. Results for “Asian” are not shown because the selection rate 
was near zero. 

3.2.3.3 Perceived personality traits 

Ratings of professionalism and competence pattern similarly, as do trustworthiness, friendliness, and 
pleasantness. Figure 4 details the results by trait; Figure 5 shows the correlation between voices and 
personality traits. Sage was perceived as the friendliest voice, followed by nova and echo (p < 0.0001). 
Echo, nova, and shimmer were perceived as more professional and more competent (p < 0.0001). 
Nova, echo, sage, and shimmer were also perceived as the four most pleasant and trustworthy voices 
(p < 0.0001). Sage, fable, and echo were slightly more likely to be perceived as funny (p < 0.001). 
Coral was perceived as the least friendly, pleasant, professional, trustworthy, and competent (p < 
0.0001). Listener gender, region, age, and race/ethnicity do not significantly predict personality traits 
at the p < 0.01 level. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_004
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_005
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Figure 3.2.3.3: Perceived personality traits for the nine voices. Professionalism and competence (top row) pattern very similarly, as do trustworthiness 
and pleasantness (bottom row). 
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Figure 3.2.3.4: Correlation chart of perceived traits for the nine voices. Most perceived personality traits pattern together (particularly 
friendliness/pleasantness/trustworthiness and competence/professionalism). Among the measured traits, age shows the strongest correlations with 
perceived personality traits. 

3.4 Factor analysis of the data 

We examined the acoustic-prosodic features of each voice to understand the auditory connections for 
the associations listeners are making. To assess which acoustic measures contribute to the most 
variance in the data, we conducted a factor analysis of the data (Table 1). 

 

Factor PA 1 PA 2 PA 3 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_tab_001
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SS loadings 0.575 0.543 0.219 

Proportion of variance 0.115 0.109 0.044 

Cumulative proportion 0.115 0.224 0.267 

 

CPP – −0.151 0.181 

HNR – 0.333 0.374 

SHR 0.556 – −0.128 

H1H2 −0.508 0.170 −0.171 

f0 – 0.612 – 

Table 3.2.3.1: Results of the factor analysis. 

The first parallel analysis (PA) indicates high weights for SHR and H1H2 and accounts for around 

11.5 % of the variance. Higher scores of PA1 are correlated with high SHR and low H1H2 values; 
breathy voice is associated with lower scores for this PA. The second PA has a very high weight for 
f0 and somewhat high weight for HNR. This PA captures differences in pitch and breathiness between 
speakers, with higher scores indicating a higher pitched, breathier voice. 

Voice quality measurements 

Given the relatively high weights of SHR, H1-H2, and f0 across the different PAs, we focus on these 
in the analysis of each voice. However, no single metric substantially predicts the differences in voices. 
Figures 5–7 give linear regression model estimates on top of a violin plot of the data, with voices 
ordered based on the value of the estimates. As most values of SHR were 0, these were removed from 
the SHR analysis. Thus, the SHR can be conceptualized as the amount of deviation from modal 
voicing when deviation was present. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_005
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_007
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Figure 3.2.3.2: Raw SHR and model estimates by voice. 

 

Figure 3.2.3.3: Raw H1-H2 and model estimates by voice. 

A mixed effect linear regression model was run on each of the VQ metrics with a fixed effect of voice 
and a random intercept for position in the sentence. The beta coefficients in the model are reflected 
in the violin plots, so we discuss only significance in relation to the model. All models were fit using 
lmer4 (Bates et al. 2015) and pairwise comparisons on model results were done using the emmeans 
package (Lenth and Piaskowski 2025) in R. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_003
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_028
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Examining pairwise differences in SHR, we find three main groups of voices: (1) shimmer (highest 
SHR); (2) alloy, echo, fable, nova, sage; and (3) ash, onyx (lowest SHR). These groups show significant 
differences between each other, though there are no significant differences between the voices within 
their respective groups. Coral patterns with groups 2 and 3; it exhibits a significant difference only 
with shimmer, and not from the other voices. Shimmer exhibits a significantly more creaky or rough 
voice, group 2 voices occupy a middle ground between modal and rough voice, and group 3 voices 
are most modal. The ordering and values are shown in Figure 6. 

A pairwise comparison of H1-H2 found significant differences between all voices except for ash – 
echo and onyx – shimmer. Because H1-H2 is positively correlated with perceived breathiness, Figure 
7 orders the voices from least breathy (most modal) to most breathy. Echo and ash have the lowest 
values of H1-H2, implying that they are the least breathy voices, while coral has the highest H1-H2, 
implying the highest degree of breathy voice. Finally, the f0 model revealed significant differences 
between all voices. Figure 8 orders the voices from lowest f0 (onyx) to highest f0 (sage). Onyx and 
sage are thus expected to be perceived as lowest and highest pitched, respectively. 

 

Figure 3.2.3.4: Raw f0 and model estimates by voice. 

Generalized additive model of prosodic contours 

We used a GAMM to evaluate the general shape contours of the utterances (Figure 9). The GAMM 

was fitted with the formula strF0 ∼ s(rel_t, by = voice) + s(voice, bs = “re”) where “rel_t” refers to 
the percent of the utterance spoken so far. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_006
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_007
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_007
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_008
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_009
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Figure 3.2.3.5: GAMM results of voice difference in prosodic contours. 

As seen in Figure 9, the f0 contours differ substantially in timing. “Word Number” is the normalized 
time domain (one increment equals one word). Note that timing normalization is purely for graphical 
interpretability; it is not part of the mixed-effects regression models or the PCA. In the first peak 
(around “sunlight”), sage, echo, and shimmer all pattern together, realizing an earlier and slightly less 
prominent peak than the other voices. In contrast, coral, fable, and onyx have a later and sharper peak. 
Ash patterns differently from these two groups, as its peak is realized even later than theirs, and rises 
more gradually. The voices group differently for the second peak, variably produced between “they” 
and “prism.” Excluding fable, onyx, and sage, the voices all have gradual slopes into the peak and 
similar peak timing. Fable exhibits a slightly earlier peak, while onyx and sage exhibit slightly later 
peaks compared to the other voices. For the final peak, all the voices display a similar pattern except 
for fable, whose peak occurs earlier than the other voices. Overall, the majority of the differences 
manifest near the first peak. Each voice displays different degrees of timing and excursion differences 
in its pitch accents, which has been shown to correlate with different dialects (e.g. African American 
English; Holliday 2016). These results give us insight into the prosodic features that influence the 
perception of OpenAI’s Whisper-generated voices. 

3.2.4 Discussion 

Longstanding work on dialect identification (Section 3.2.1.1) indicates that listeners perceive not only 
acoustics, but also demographics and personality traits, and that these perceived traits interact with 
each other. Our findings indicate that a similar process occurs with synthesized voices: listeners 
associate Whisper voices with specific combinations of demographics, personality, and use cases 
(Table 2). Rather than one particular perceived demographic predicting personality traits, we find that 
listeners associate each voice with a set of demographic traits and an associated set of personality traits. 
The analysis of GitHub repositories that use each voice demonstrates that each voice’s use cases often 
align with stereotypical associations for these perceived personae. 

 

Voice(s) Perceived as Acoustics Use cases 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_009
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_018
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_tab_002
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Nova Youngest feminine 

voice; high personality 
ratings on most axes 

High SHR and f0 (expected breathy 
and high-pitched perception) 

Gaming 
applications, 
video/podcast 
generation 

Echo Youngest masculine 
voice; high personality 
ratings on most axes 

High SHR among voices perceived as 
masculine; lowest H1-H2 

Personal assistants, 
robots/smart 
devices, teaching 

Coral Oldest feminine voice; 
lowest personality 
ratings on most axes 

Lowest SHR among voices perceived 
as feminine (expected less breathy 
perception) 

Business use cases 

Shimm
er 

Most likely to be heard 
as black & feminine 

Lower f0, H1-H2 among voices 
perceived as feminine; highest SHR 
(expected lower-pitched and 
breathiest perception) 

Teaching 
applications, adult 
content 

Sage Younger feminine voice High H1-H2, highest f0 (expected 
highest pitch) 

Informational 
applications, 
personal assistants, 
gaming 

Ash, 
onyx 

Most masculine, least 
friendly, least funny, 
older; more likely to be 
perceived as Black or 
Hispanic 

Lowest SHR (expected least breathy; 
correlated with perceived 
unfriendliness [5]) 

Robots/smart 
devices; business 
applications for ash 

Alloy, 
fable 

Intermediate perceived 
gender–and most 
variation in perceived 
gender 

Intermediate f0 and SHR (expected 
intermediate breathiness and pitch) 

Alloy often used as 
default voice 
 
Fable used for 
personal assistants 
& history/fantasy 
applications 

Table 3.2.4.1: Summary of perception analysis results. 

Coral, perceived as the oldest feminine voice, receives the lowest personality ratings for all axes except 
funniness; ash, perceived as the oldest masculine voice, receives lower personality ratings on most axes 
but never as low as coral. Coral, ash, and onyx also have the lowest SHR, which correlates with more 
modal (less breathy) voicing. Ash and coral are also strongly associated with business applications – 
nearly half of the use cases for both voices – suggesting an association between older voices and work 
applications (though these voices are not perceived as more professional). The low personality ratings 
for these voices also align with the connection between older-sounding voices and negative 
stereotypes, especially in relation to trustworthiness (Stewart and Ryan 1982; Watkins 2021). By 
contrast, the voices perceived as youngest, echo and nova, are also perceived as more pleasant, 
trustworthy, competent, friendly, and professional. 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_042
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_049
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Nova, perceived as the youngest feminine voice, was often used for video/podcast generation and for 
applications in the gaming community (e.g., an avatar for video game streaming), a community that 
skews young; this combination suggests a “gamer girl” persona for nova. Personal assistant 
applications tend to use fable and sage; informational applications tend to use sage. Robots and smart 
devices most often use ash and onyx, which were the masculine voices perceived as least friendly, and 
were also more likely to be perceived as Black or Hispanic. Notably, ash was also used to specifically 
imitate Iron Man’s AI assistant, reinforcing a perception of these voices as serious and unfriendly. [5] 
These voices also had the lowest SHR and lowest f0, suggesting that, for the least anthropomorphized 
applications, voice assistant designers prefer voices that are low in f0 and sound less personable. 
Previous work supports this observed correlation between low breathiness and perceived 
unfriendliness (Holliday 2023; Purnell et al. 1999) and the observed stereotype of men of color being 
perceived as having lower voices (Li et al. 2022). Our acoustic analysis suggests that this interaction of 
perceived personality and acoustic features, as seen in previous work with human voices, also extends 
to synthesized voices. 

Shimmer, the voice most likely to be perceived as Black, and perceived as feminine, was used most 
often for learning and teaching applications; it was also the only voice we found to be used for 
generating adult content. Shimmer had a lower f0 and lower H1-H2 than other voices perceived as 
feminine. The perception of shimmer suggests that its constructed persona is young, attractive, and 
feminine; however, its use in caretaking and sexualized contexts plays into negative stereotypes of 
Black women speakers (Crenshaw 1989). 

Alloy and fable, the voices perceived as most androgynous, were used for a variety of applications. 
Alloy is used most often as the default voice in code repositories, likely because it is the default in 
OpenAI’s code examples. Fable (the “British” voice) was the voice most often used for applications 
drawing on history or fantasy, such as answering questions about a historical site and imitating the 
mirror from “Snow White.” These use cases align with language ideologies that connect British 
English to fantasy media and nostalgia for a past associated with the White upper class (Bucholtz 
2002). 

More broadly, the three clusters of perceived gender that emerged align with the voices’ f0, SHR, and 
H1-H2 values: Echo, onyx, and ash were perceived as masculine and had low f0, SHR, and H1-H2; 
nova, sage, coral, and shimmer were perceived as feminine and had high f0; alloy and fable were 
perceived in between and had intermediate f0 and SHR values. Like Mooshammer and Etzrodt (2022), 
we find that while perceptions of gender for alloy and fable do not cluster at the poles of the scale, 
they also do not cluster in the middle as a cohesive “neutral” gender; rather, there is a high degree of 
variation among listeners in perceived gender for these voices. This suggests a potential theoretical 
application, in that acoustic features of these synthetic voices appear to affect the spread of perceived 
gender. It also dovetails with previous work indicating that there is no set “crossover point” at which 
voices start being perceived as female or male; rather, a host of factors beyond pitch contribute to 
high variation in perceived gender by individual listeners, especially when gendered vocal features 
bundle together in non-normative ways (Zimman 2017). 

Ash, echo, and onyx, perceived as the most masculine voices, displayed the lowest measures of f0 and 
low SHR, which correlate with lower pitch and least breathiness. Lower H1-H2, and low SHR, which 
signify less breathy pronunciations, may enhance the perception of low-frequency f0 as low-pitched, 
causing the voices to be perceived as more masculine. Coral, nova, shimmer, and sage exhibited the 
highest f0, correlating with a higher pitch. Nova and shimmer also had the highest SHR, which 
correlates with higher breathiness. Increased breathiness may also reinforce the perception that an 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_019
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_037
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_029
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_008
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_004
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_004
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_031
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_053
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acoustic signal has higher pitch, contributing to the ascription of a feminine persona by the listener. 
Fable and alloy, the two voices with ambiguous gender ratings, had somewhat high SHR and 
intermediate values of f0, suggesting some breathiness or creakiness along with an already gender-
ambiguous f0 track. 

3.2.5 Conclusion 

We found that listener demographics interact with acoustic measures in the perception of OpenAI’s 
Whisper-generated voices: listeners construct social personae for synthesized voices, associated with 
combinations of acoustic features, demographics, personality, and ascribed use cases. Yet rather than 
a one-to-one mapping from particular perceived demographic traits to perceived personality traits, we 
found that listeners associate particular voices with consistent combinations of demographic and 
personality traits, from which personae emerge for the voices. This finding was further supported by 
the use cases found in several GitHub repositories, where the perceived personae of these voices 
aligned with their most common applications. 

We found that gender, age, race/ethnicity, and personality ratings exhibited strong correlations with 
multiple acoustic measurements. Acoustic measurements indicating breathier phonation, such as 
higher SHR, higher f0, and steeper pitch accents, were more strongly associated with the voices 
perceived as feminine. In contrast, the voices perceived as masculine generally exhibited lower H1-
H2, f0 and SHR measurements. More variation was observed in the perception of the two voices with 
intermediate acoustic features, alloy and fable. Voices perceived as older (ash, onyx, and coral) had 
lower SHR, which indicates less breathy phonation. We also found that negative stereotypes were 
consistently associated with older-sounding voices. Coral, perceived as the oldest feminine voice, 
received the lowest personality ratings on nearly every axis. Ash and onyx, perceived as the oldest 
masculine voices, displayed lower personality ratings for friendliness, trustworthiness, and 
pleasantness. In contrast, echo and nova, the voices perceived as youngest, nearly always received the 
highest personality ratings among the voices. 

Although most voices were typically perceived as White, interactions between perceived 
race/ethnicity, personality, and use cases also raise concerns about entrenchment of stereotypes. Ash 
and onyx, which were likely to be perceived as Black or Hispanic masculine voices, were also perceived 
as the least friendly masculine voices. Acoustic correlates for the perception of these Black voices 
seem to differ according to perceived gender of the voice, with the voices perceived masculine 
exhibiting lower SHR scores, indicating less breathy phonation. For shimmer (perceived feminine), 
being perceived as more Black may be explained by either the presence of early pitch accents or a 
relatively low H1-H2 compared to the other feminine and gender-ambiguous voices. 

These results corroborate findings from previous literature that link acoustic correlates to social 
perceptions. Listeners from a range of backgrounds converge on imagined personae for synthesized 
voices, and prosodic features may play a role in how listeners arrive at their judgments. We also found 
that the personae ascribed to Whisper voices reflect existing social stereotypes; even knowing that the 
voices are synthesized is not enough for listeners to dismiss these often entrenched associations. This 
indicates that language technology indeed holds the potential to reinforce real-world discrimination: 
consistent use of acoustic combinations that listeners already associate with certain speaker groups, in 
applications consistent with stereotypes of those groups, could entrench these stereotypes and let 
them be reflected back onto real speakers. Understanding how these personae are influenced by a 
wider range of acoustic correlates and listener characteristics remains an important area for future 
work. 
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Chapter 4 
Deployment to the Real World 

What happens after an LLM has been trained and evaluated? The interplay of an LLM and the 
population that interacts with it has only just begun when the model is released. One concern that 
frequently arises when LLMs are deployed is that they could mislead people making high-stakes 
decisions. If a doctor trusts an LLM over their own judgment about a diagnosis, yet the model was 
confidently wrong, that could seriously harm a patient. Here, I discuss an approach to capturing this 
sort of unpredictable overconfidence: how can we evaluate whether models are confidently wrong, in 
a way that can be compared to people’s behavior so that we can catch when a model might be 
especially likely to end up misleading someone. To this end, this chapter presents GRACE, a 
benchmark for evaluating model calibration against human calibration. 

4.1 GRACE: A Granular Benchmark for Evaluating Model Calibration 

Against Human Calibration 

Language models are often miscalibrated, leading to confidently incorrect answers. We introduce 
GRACE, a benchmark for language model calibration that incorporates comparison with human 
calibration. GRACE consists of question-answer pairs, in which each question contains a series of 
clues that gradually become easier, all leading to the same answer; models must answer correctly as 
early as possible as the clues are revealed. This setting permits granular measurement of model 
calibration based on how early, accurately, and confidently a model answers. After collecting these 
questions, we host live human vs. model competitions to gather 1,749 data points on human and 
model teams’ timing, accuracy, and confidence. We propose a metric, CalScore, that uses GRACE to 
analyze model calibration errors and identify types of model miscalibration that differ from human 
behavior. We find that although humans are less accurate than models, humans are generally better 
calibrated. Since state-of-the-art models struggle on GRACE, it effectively evaluates progress on 
improving model calibration.1 

4.1.1 Introduction 

Because language models are often miscalibrated, they are often confidently wrong (Kaur et al., 2020). 
This mismatch between accuracy and confidence causes users to trust models more than they should 
(Caruana, 2019; Deng et al., 2025), even over their own correct judgment (Krause et al., 2023; Stengel-
Eskin and Van Durme, 2023; Liu et al., 2024). These issues are particularly severe when models are 
miscalibrated in ways that humans are not: users expect models to be at least as calibrated as humans, 
and when models are worse, users are often not prepared to address these errors. Thus, models should 
be at least as calibrated as humans, making it especially crucial to identify when models commit 
calibration errors that humans do not. However, existing work on model calibration lacks comparison 
with human calibration. 

https://arxiv.org/html/2502.19684v1#bib.bib15
https://arxiv.org/html/2502.19684v1#bib.bib4
https://arxiv.org/html/2502.19684v1#bib.bib5
https://arxiv.org/html/2502.19684v1#bib.bib18
https://arxiv.org/html/2502.19684v1#bib.bib28
https://arxiv.org/html/2502.19684v1#bib.bib21
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Figure 4.1.1: To create the GRACE dataset, expert question writers develop questions with multiple clues of decreasing 
difficulty via an interface that shows where weaker models struggle to answer the questions. These questions are used in 

human vs. model competitions where teams compete to be the first to interrupt the sequence of clues with a correct 
answer. We record when the human and model teams buzz in each question with their correctness (+) or incorrectness 
(-) (buzzpoints). The dataset contains all buzzpoints throughout the competition. Then, CalScore measures each model’s 

human-grounded calibration performance. 

We thus introduce GRACE, a Granular, Human-grounded Benchmark for Model Calibration 
Evaluation. Each instance allows fine-grained calibration measurement using an incremental question-
answering (QA) framework. Expert writers design GRACE questions, each consisting of at least five 
sentences of clues that gradually become easier. To prevent models from being confused by 
ambiguities or false presuppositions, we require that clues challenge models but remain clear for 
humans. This format measures model calibration with human performance as a reference point: 
models should give correct answers earlier and more confidently than humans, while minimizing 
confidently incorrect guesses (Section 4.1.3). 

GRACE incorporates human responses from live qa competitions we conduct. Unlike prior 
calibration evaluation methods that only allow model–model calibration comparisons, our dataset thus 
allows direct human–model calibration comparison. GRACE is the first benchmark dataset designed 
to evaluate model calibration grounded in human needs. 

This unique dataset is the foundation for a new metric (CalScore, Section 4.1.4). In contrast to other 
calibration evaluation methods that only calculate aggregate calibration over the entire dataset, 
GRACE also facilitates per-instance evaluation, which helps in identifying specific contexts where 
models are much worse than humans at avoiding confidently incorrect answers. 

We find that language models are more overconfident than humans in incorrect answers, and relatively 
underconfident in correct answers. In contrast, humans tend to be highly confident—over 50%—
when correct (Section 4.1.5). Models struggle with abstract descriptions—they are both overconfident 
and inaccurate—but excel in retrieving facts given unambiguous clues (Section 4.1.5.3). We conclude 
with a discussion of how GRACE and CalScore can aid in the creation of models that are more 
accurate and better calibrated. 

4.1.2 Preliminaries 

Drawing on prior work, GRACE consists of incremental questions with adversarial clues to effectively 
ground model calibration evaluation in human performance. 

Incremental and adversarial QA 

Incremental questions contain multiple clues in decreasing order of difficulty; models must answer 
correctly as early as possible. Boyd-Graber et al. (2012) and He et al. (2016b) argue that this setting is 

https://arxiv.org/html/2502.19684v1#bib.bib2
https://arxiv.org/html/2502.19684v1#bib.bib10
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a natural test of calibration: participants should buzz only when confident in their answers  (Ferrucci, 
2012). Unlike selective qa for non-incremental examples (Kamath et al., 2020), incremental decision 
processes offer more detail, since each clue is a decision point for whether to answer or abstain, with 
more information available as clues are revealed. 

In addition, unlike prior incremental qa research, we use a human-in-the-loop adversarial authoring 
process to specifically target calibration. Rodriguez et al. (2019b) uses publicly available questions, 
which are too easy for modern models. While Wallace et al. (2019) used model–human collaboration 
for incremental adversarial data, their questions are also insufficiently adversarial.2 In addition, they 
did not account for model confidence, treating buzzing as a binary outcome. 

To develop questions that challenge models, expert writers use our interface (Section 4.1.3.1), followed 
by expert editing to ensure well-posed questions. Our dataset creation process is motivated by Kiela 
et al. (2021); Ilyas et al. (2019); Engstrom et al. (2020), who argue that adversarial benchmarks must 
be clear for humans and challenge models, ensuring that model errors are due to model limitations 
rather than ambiguous or low-quality questions (Min et al., 2020; Yu et al., 2023). 

Grounding to human calibration. Humans increasingly use ai to help make decisions, but such 
assistance can be detrimental when the model is miscalibrated (Stengel-Eskin et al., 2024) or fails to 
abstain (Khurana et al., 2024). This is particularly concerning when models are confidently wrong but 
humans do not know the correct answer, which our metric, CalScore, especially penalizes. 
Furthermore, modern models are poorly calibrated to human linguistic variation, causing Ilia and Aziz 
(2024) to question the reliability of expected calibration error (ECE). Thus, CalScore focuses on where 
models can help users by considering how early humans can answer the questions. 

Figure 4.1.2.1: Example question on Chinese literature (with the answer of three) being written in the interface. Writers 
compose questions in the left box. On the right, they see the model’s guess and confidence after every sentence and the 
point at which the model would buzz in and attempt to answer. Writers learn which sentences make it harder for models 

to answer correctly and refine their questions to be sufficiently hard for models but still answerable by humans. This 
incremental, adversarial format permits granular calibration measurement. 

Calibration evaluation. Language models tend to be overconfident in their predictions, which can lead 
to undue trust or erode user confidence in language models (Zhou et al., 2024). Proposed methods to 
measure model calibration include using raw probabilities Xiong et al. (2024), separate confidence 
predictors Ulmer et al. (2024), verbalized confidence scores Tian et al. (2023); Band et al. (2024), or 
natural language expressions of uncertainty Stengel-Eskin et al. (2024); Zhou et al. (2023). Our dataset 
aids finer-grained versions of these approaches by permitting per-instance, human-grounded 
calibration measurement. We also extend on existing calibration metrics, such as ECE (Naeini et al., 
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2015) and Brier scores Brier (1950) by introducing a metric for calibration on incremental questions 
(Appendix G). 

4.1.3 GRACE: Dataset Development 

To create our dataset, expert writers and editors first construct incremental, adversarial, and rigorously 
quality-checked examples. Then, we collect model guesses and confidences on these questions, and 
compare them against human performance in a live competition. 

4.1.3.1 Question writing process 

Collecting QA pairs from expert writers 

We recruit experienced question writers and editors to ensure that questions are high-quality. We hire 
six writers and ten editors to author the questions (qualifications in Appendix D.3). The questions 
contain 575–650 words3 and cover content across six categories.4 All questions are reviewed by the 
writer, category editor, and head editor to check that clues are unambiguous and factually correct. 

Interface setup 

To create incremental and adversarial questions, writers and editors use a human-AI collaborative 
writing interface (Figure 2). Because these examples are meant to be incremental, we break the input 

into sentences {s1,s2,…⁢sk}. gpt-3.5 provides a guess {a1,a2,…⁢ak} for each sentence in addition 

to its confidence {c1,c2⁢…⁢ck}. The interface also highlights when the model confidence would be 
high enough to buzz (Appendix D.2). 

To ensure that questions remain incremental for models, we instruct writers to write questions for 
which the model’s guess is incorrect until the penultimate sentence or later.5 As experienced question 
writers, they use their domain knowledge to ensure difficulty also decreases for humans, so that most 
humans can answer correctly by the end. Writers dynamically interact with the models to refine their 
questions  (You and Lowd, 2022). For example, the second line in Figure 2 was originally “This 
number of characters appear in the name of a Chinese classic,” which the model answered correctly. 
Instead, the editor revises the first line of the text, which fools the models while allowing humans to 
answer correctly. The final dataset consists of 243 QA pairs, with a total of 1,236 sentences of clues. 
Each sentence uniquely points to the answer, making it usable as a standalone QA pair.6 

4.1.3.2 Collecting human–model buzzpoints 

The questions described above are designed to be read aloud and interrupted. In the competition, 
teams compete by buzzing to interrupt and answer, with this timing referred to as buzzpoints [buzz] 
(Figure 4.1.3.1). However, modern LLMs do not operate this way: they generate an output given an 
input. Thus, we first extract guesses from models and humans offline to assess teams on the same 
questions . We then compute the model buzzpoints for each clue. Finally, using these precomputed 
model buzzpoints, we host live human–computer competitions to collect real-time human buzzpoints. 

  Q: In a reference to an object notably missing from one of these works, Diemut Strebe used 
genetic samples from a man’s great-great-grandnephew to clone a certain feature. In one of 
these works, Utagawa Togokuni’s Geishas in a Landscape [buzz] GPT-4o: “Rodin statues” 
hangs on a yellow wall behind a man in a fur-brimmed hat. The backside of The Potato Peeler 
includes one of these works featuring a man in a straw hat. One work shows a man in a light-
blue green suit against a light-green-blue swirling background, and another dedicated to 
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Gauguin shows subject with cropped hair and a red beard. For 10 points, a Dutch artist [buzz] 
H1: “Van Gogh self-portraits” painted what portraits of himself with a bandaged ear? 

ANSWER: self-portraits of Vincent Van Gogh 

Figure 4.1.3.1: While GPT-4o buzzes too early with an [buzz] incorrect answer, losing 5 points, the human team (H1) 
buzzes later with a [buzz] correct answer, earning 10 points. Both teams must balance accuracy and speed; here, GPT-4o 
shows poorer calibration than H1. 

4.1.3.2.1 Offline human and model buzzpoints 

Model guesses and confidence. We first break each question into clues. We then retrieve a model’s 
guess given the first n clues with a prompt using a tf-idf retriever to select similar question-answer 
pairs from qa datasets (Appendix D.1). To determine if model guesses were correct, our post-
processing uses both transformer-based answer equivalence (PEDANT, Li et al., 2024) and manual 
verification by dataset editors. We store the resulting guesses and two forms of confidence from 
LLMs, token logits7 and verbalized confidence. Logit-based confidence reflects the average of the 
exponentials of the token logit probabilities, while verbalized confidence prompts models to directly 
express confidence in the output tokens (Appendix D.4). 

Precomputed model buzzpoints. While our metric, CalScore (Section 4.1.4.1), uses the raw 
confidence values from continuous probabilities, our human–computer competitions (Section 4.1.3.2) 
require binarized confidence to indicate when the model buzzes. For each model, we set a threshold 
based on human gameplay data on preexisting non-adversarial questions (He et al., 2016a) (Appendix 
E.3). This threshold is chosen to maximize the probability of the model buzzing correctly before the 
average trivia player as estimated by the expected wins metric from Rodriguez et al. (2019a). When 
the logit score exceeds the threshold, the model buzzes in, marking its buzzpoint (Appendix E.2). 

Offline human guesses. To compute humans’ raw accuracy, independent of confidence, we survey 
fifteen players on 35–40 held-out GRACE questions. Like the models, players view clues, submit their 
guess after each clue, and indicate whether they would buzz at that point. However, this data collection 
format is time-consuming and tedious (one player called it “remarkably hard”), potentially reducing 
player engagement and response quality. Instead, we collect human calibration data through a fast-
paced trivia tournament. 

4.1.3.2.2 Human buzzpoints, live competition 

GRACE records human and computer guess correctness on interruptible questions designed to 
challenge model calibration. A human moderator reads each question to both teams (a model and a 
team of humans). Teams compete by buzzing to interrupt and answer. Model buzzpoints are 
computed in advance (Section 4.1.3.2). When the model’s confidence exceeds the threshold, the 
reading stops with a buzz sound, and the model’s guess is announced. 

Human buzzpoints. In contrast, human buzzpoints are recorded in real time when the moderator is 
interrupted. Players press a physical buzzer when confident in an answer, and the moderator verifies 
if the answer is correct. We log the timing of human teams’ buzzes and answer correctness. 

If a team answers incorrectly, the moderator continues reading until the other team buzzes in. Because 
earlier clues are harder, more skilled teams tend to buzz earlier, while less skilled teams wait until near 
the end. Thus, teams must be knowledgeable and well-calibrated to buzz optimally. 
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Human players in live competitions. Our three competitions consist of a total of 93 matches involving 
17 human trivia teams and three LLMs (GPT-4o, GPT-4, and Mistral-7b-Instruct). Of these, 55 are 
human vs. model matches, while 38 are human vs. human matches. For the matches, the 243 QA pairs 
are divided into 12 sets of 20, stratified by category, with three questions for tiebreakers. 

Hosting real-time competitions with human players provides several benefits: (1) direct comparison 
of confidence calibration between humans and models on the same questions, (2) recruiting 
experienced players skilled in calibrating their answers,8 and (3) validating that questions are human-
answerable and unambiguous, as an additional quality check for the dataset. 

4.1.4 Human-Grounded Calibration Evaluation 

To compare model and human calibration, we analyze response correctness and buzz decisions. Then, 
we introduce a baseline metric, CalScore. Unlike traditional calibration metrics, CalScore facilitates 
per-instance calibration analysis, which lets us identify specific questions on which models are 
especially miscalibrated. In addition, it factors in human performance on the same question, to 
penalize cases in which models are confidently incorrect when humans are uncertain (Section 4.1.4.1). 

4.1.4.1 Human-grounded metric: CalScore 

CalScore evaluates model calibration error while incorporating human buzzpoints. This adjustment 
reflects the structure of the competition—models must be confidently correct before humans know 
the answer. The adjustment also places higher weight on instances where model errors are more likely 
to mislead users—if a model is confidently incorrect when humans are still uncertain, humans are less 
likely to recognize and override the error. 

Using the live competition data, we track the proportion of humans answering correctly up to a 
specific clue so that the metric applies higher penalties and rewards for earlier (harder) clues. To 
measure the expected probability of a team buzzing correctly on a given question, we consider teams’ 
buzzes at each clue t of question q. We define ht as the cumulative probability of a human team 
correctly buzzing up to clue t, calculated as the number of correct buzzes by human teams up to t 
divided by total buzzes by human teams up to t. For model responses, gt indicates the correctness of 
a model’s guess at clue t (1 if correct, -1 if not), and ct indicates the model’s confidence in its guess. 

4.1.4.2 Unadjusted model calibration error 

The normalized expectation r⁢(𝔼t⁢[gtct]), calculated over clues in a single question, measures 

calibration as the expectation that the model answers correctly, weighted by confidence (where r⁢(x) 

renormalizes to a [0, 1] range; see Appendix K). Conversely, 1−r⁢(𝔼t[(1−ht)gtct]) evaluates the model’s 
calibration error (MCE) on that question. High-confidence incorrect answers and low-confidence 
correct answers result in higher error, indicating poor calibration on question q. 

4.1.4.3 Human-adjusted calibration error 

CalScore incorporates human performance into MCE. This facilitates identification of specific cases 
where models are less calibrated than humans; rewards models more for being confidently correct 
before humans know the answer (simulating the competition setting); and penalizes them more for 
being confidently incorrect at that stage, placing greater weight on a higher-stakes error. 

We thus weight the calibration at clue t by (1−ht), the proportion of humans who have not yet 

answered correctly by clue t. A high score of r⁢(𝔼t[(1−ht)gtct]) indicates that the model is well-
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calibrated relative to human buzz performance.9 Conversely, we estimate the expected probability for 
cases where the model does not improve over humans, either due to incorrect answers or low 
confidence: 

 CalScoreq=1−r(𝔼t[(1−ht)gtct]).  
(1) 

This adjustment evaluates the model’s calibration error relative to human calibration performance on 
the same question. We then define CalScoreD, the human-adjusted model calibration error for a 
benchmark D, as the average of CalScoreq across all questions in D. 

4.1.5 Model Calibration Evaluation 

GRACE helps to evaluate differences between human and model calibration. We also validate the 
dataset’s difficulty granularity and discuss calibration errors using our proposed metric and qualitative 
analysis. 

4.1.5.1 Comparing human and model calibration 

Buzz performance. 

 

Figure 4.1.5.1: Each team’s cumulative buzzes (normalized by the number of matches each team participated in). The 
top quartile of human teams (Q4) achieves the highest cumulative correct buzz rate, peaking over twice as high as the 
best model. Top human teams are thus more accurate and better-calibrated than models, even as the difficulty changes 

when more clues are revealed. 

To compare human and model calibration, we first examine when and whether each team buzzes on 
the question, as well as the correctness of their answers. Figure 4 gives each team’s cumulative buzzes 
over the number of matches each team participated in. The 17 human teams are divided into quartiles, 
from Q1 (bottom) to Q4 (top), according to their total correct buzzes. Human teams, especially the 
top quartile, achieve the highest cumulative correct buzz rate (peaking in the middle of the questions), 
demonstrating their ability to confidently infer correct answers with fewer clues and indicating better 
accuracy and calibration than models. In contrast, GPT-4 exhibits a moderate cumulative correct buzz 
rate, which is only briefly higher than the top human teams and lower than 50% of human teams for 
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most of the question. Meanwhile, Mistral-7b-Instruct lags significantly behind all other teams, 
indicating poor calibration. In addition, GPT-4 and GPT-4o exhibit substantially higher incorrect buzz 
rates than human teams (right plot). All models, especially GPT-4, are overconfident early in the 
questions when little information is available: they are especially miscalibrated relative to humans when 
the question is still hard. Overall, the models tend to buzz incorrectly more often than humans and 
correctly less often, indicating overconfidence in wrong answers and underconfidence in correct ones. 

Difficulty granularity of each question. 

 

Figure 4.1.5.2: Comparison of human and model average accuracy rates as more clues are revealed (whether the team’s 
guess is correct after seeing the first n clues). As more clues are revealed, accuracy improves for both models and 

humans. Models often answer incorrectly until most clues are provided, and human accuracy increases more rapidly, 
validating that each instance becomes easier for both humans and models and that most humans can answer correctly by 

the end. 

To evaluate model calibration over a range of difficulty levels for models, we asked the writers to write 
questions that are easier to answer as more clues are revealed (Section 4.1.3.1). To validate this design, 
we examine model and human correctness as the percent of clues revealed increases. For models, we 
consider the correctness of a model’s guess for the first n clues. The questions in GRACE are 
appropriately challenging and become easier for models and humans as more clues are revealed (Figure 
5). Human team accuracy (blue) increases steadily, indicating that question difficulty indeed decreases 
as clues are revealed for human players. Moreover, even top models like GPT-4 and GPT-4o have 
under 50% accuracy until at least 90% of clues are provided, highlighting significant room for 
improvement on this benchmark. To measure human accuracy per corresponding clue, we used offline 
human responses (Section 4.1.3.2.1; quartiles calculated per Appendix F.3). 
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Notably, the bottom three quartiles of humans are less accurate than top models for most of the 
question (Figure 5), yet still typically outperform models on maximizing correct buzzes relative to 
incorrect buzzes (Figure 4). This trend suggests that models’ relatively high rate of incorrect buzzes 
and low rate of correct buzzes is due to miscalibration, not inaccuracy. We investigate this distinction 
further in the next section. 

Conditional likelihood of correct answers. 

Figure 4.1.5.3: Humans are far more likely than models to buzz in when they are correct (left), and typically less likely to 
buzz in when they are incorrect (right), indicating that models remain miscalibrated relative to humans even when 

explicitly controlling for accuracy. (Due to the smaller sample size of human buzzpoints in the survey data, we use halves 
instead of quartiles here.) 

While the tournament allows us to observe P⁢(g=1|b), the likelihood that a team’s guess is correct 
(g=1) when they buzz (b), we also aimed to compare how often teams are confident enough to buzz 

when correct, P⁢(b|g=1), and when incorrect, P⁢(b|g=0). Using the offline human responses 

(Section 4.1.3.2.1), we estimate P⁢(b|g=1) for each human team. For each player, we calculate 

Pp⁢l⁢a⁢y⁢e⁢r⁢(b|g=1): the number of instances when a player buzzed in correctly with n clues revealed, 
divided by the number of instances when a player’s guess was correct with n clues revealed. We then 

estimate P⁢(b|g=1) for the top and bottom half of respondents (Appendix F.3) as the average of 

Pp⁢l⁢a⁢y⁢e⁢r⁢(b|g=1) across all surveyed players in that half. Finally, we compare this estimation with 

P⁢(g=1|b) for the tested models. We follow the same process to estimate P⁢(b|g=0). 10 The results 

indicate that even the strongest models are less confident than humans on correct answers and more 
confident on incorrect ones (Figure 6). For most questions, all humans are more than 50% likely to 
buzz when correct, while models remain below 45%, indicating lower confidence in correct answers. 
Among the models, GPT-4 was most likely to buzz incorrectly, reflecting its confidence in wrong 
answers. 

As clues are revealed, humans become more likely to buzz when they know the correct answer, while 
models become less likely to buzz. This suggests that seeing more clues strengthens human 
confidence, but not model confidence.11 
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4.1.5.2 CalScore analysis 

Verbalized-based Confidence 

Model Brier Score ECE MCE CalScore 

GPT-4 0.274  
2 

0.259  
2 

0.584  
1 

0.588  
1 

GPT-4o 0.266  
1 

0.224  
1 

0.601  
2 

0.604  
2 

Llama-3.1-70B-Instruct 0.373  
3 

0.392  
3 

0.685  
3 

0.719  
3 

LLama-2-70b-Chat 0.490  
4 

0.570  
4 

0.739  
4 

0.803  
4 

Llama-3.1-8B-Instruct 0.623  
5 

0.693  
5 

0.774  
5 

0.843  
5 

Mistral-7b-Instruct 0.716  
6 

0.784  
6 

0.790  
6 

0.881  
6 

Logit-based Confidence 

Model Brier Score ECE MCE CalScore 

GPT-4o 0.341  
3 

0.353  
2 

0.654  
2 

0.661  
1 

Llama-3.1-70B-Instruct 0.323  
2 

0.339  
1 

0.651  
1 

0.679  
2 

GPT-4 0.380  
4 

0.388  
3 

0.672  
3 

0.684  
3 

Llama-3.1-8B-Instruct 0.302  
1 

0.397  
4 

0.675  
4 

0.718  
4 

Mistral-7b-Instruct 0.553  
5 

0.677  
5 

0.766  
5 

0.846  
5 

Llama-2-70b-Chat 0.774  
6 

0.829  
6 

0.825  
6 

0.921  
6 

Table 4.1.5.1: Across both confidence elicitation methods, all models display greater error under human-adjusted 
CalScore compared to MCE (CalScore without human adjustment). CalScore thus captures errors that existing methods 

overlook: cases where models underperform relative to humans by being confidently wrong or underconfident when 
correct. 

We evaluate the calibration error of six LLMs on GRACE using existing metrics (ECE and Brier 
scores; Appendix G) and CalScore. For each clue in a question, we collect logit-based and verbalized 
confidences to compute metric scores. 

CalScore correlates with ECE and Brier score results (Table 1); however, across both confidence 
elicitation methods, all models display greater error under human-adjusted CalScore compared to 
MCE (CalScore without human adjustment). CalScore thus captures errors that existing methods 
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overlook: cases where models underperform relative to humans by being confidently wrong or 
underconfident when correct. Thus, CalScore captures that models are especially ill-calibrated 
compared to humans, and factoring in human performance reveals more room for improvement on 
LLM calibration. The gap between MCE and CalScore widens for worse-performing models, 
suggesting that weaker models are even more miscalibrated relative to stronger models when factoring 
in human performance. Additionally, CalScore reports higher errors than ECE and Brier scores across 
both confidence elicitation methods for most models, underscoring calibration deficiencies that 
previous metrics underestimate.12 

5.3 Qualitative analysis and model errors 

Miscalibrated instances from CalScore. All six models exhibit similar patterns for the questions on 
which they were most- and least-calibrated under CalScore (examples in Appendix B.3). Models did 
best on questions that mention concrete proper nouns closely associated with the answer, even on 
obscure topics: for example, a question on Ireland that gives the titles of Irish songs, a question on 
telomeres that mentions the protein TRF2, and a question on Brooklyn that mentions the 
neighborhood of Midwood. Models tend to be least-calibrated on questions with multiple plausible 
answers (e.g., one on fish as a Buddhist symbol, since other animals also have symbolic meanings in 
Buddhism). Models also struggle on questions that use descriptions instead of titles (e.g. a question 
that describes music by Maurice Ravel, and one that describes Jewish birth ceremonies). 

Qualitative feedback. We survey the human players for feedback on model abilities. Differences in 
model calibration are visible to the players: several find GPT-4 “too aggressive,” while Mistral seems 
much weaker, often buzzing late in the question. One player notes that the models “obviously knew 
a lot, but were quite bad at gauging how well they knew something to [buzz].” Others note that models 
tend to buzz on “more concrete clues” and struggle with multi-step reasoning. For example, a question 
on Alice Walker mentions her trip to Eatonville to write about local author Zora Neale Hurston. 
Players note that GPT-4 incorrectly guesses “Zora Neale Hurston,” while human players correctly say 
“Alice Walker.” 

Players also note that when models were incorrect, they give more “unreasonable” answers than 
humans do. For example, models incorrectly answer a question on the treatise Philosophical 
Investigations with “Fermat’s Little Theorem” and “The Lion, the Witch and the Wardrobe.” 
Guessing an equation and a children’s book with high confidence for a work of philosophy suggests 
serious miscalibration, since either option should be completely outside the realm of possibility; no 
human players gave answers so distant from the correct one. Other model errors not observed among 
human players include buzzing before any substantive clues are revealed, answering with a song title 
for a question asking for a surname, and hallucinating inexistent schools of philosophy. 

Model and human strengths between question topics differ greatly. We examine models’ and humans’ 
ratios of correct to incorrect buzzes per category. Human players are best at literature, but this is the 
weakest or second-weakest category for all models. All models did relatively well on science. GPT-4o 
is much stronger at social science, arts, and science than other categories, and slightly outperforms 
humans for every category; GPT-4 was worse than the humans for all categories. 

All human participants in our competitions were experienced players, but we find that calibration 
performance varies greatly even among these experts: stronger humans substantially outperform top 
models, but not all humans do. A general takeaway for future model-human comparisons on tasks 
involving calibration is that variance in human skill can greatly affect the outcome of a comparison. 
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A side benefit of conducting live human-model competitions was a significant degree of community 
involvement from trivia enthusiasts who were not researchers. In-person data collection, though more 
involved than crowdsourced data, offers other benefits: we found that participants were attentive and 
enthusiastic; moreover, in-person data collection (especially “gamified” approaches) raises awareness 
of and interest in AI. 

4.1.6 Conclusion 

For users to trust LLMs, they need assurance that these models will not confidently produce wrong 
answers. To address this, GRACE offers a benchmark for fine-grained calibration evaluation, 
grounded in human calibration. Our analyses on GRACE reveal that models are often miscalibrated 
relative to well-informed humans. Specifically, model calibration errors came from difficulty with 
abstract descriptions, far-fetched incorrect guesses, and confidently incorrect answers given few clues. 
Our new metric, CalScore, combined with GRACE, evaluates the performance of six LLMs, revealing 
significant room for improvement. 

GRACE provides a blueprint for developing human-focused improvements to calibration: improving 
verbalized confidences that measurably help human decision-making, personalizing abstention based 
on individual human skill, and measuring these interactions via human-model teaming. 

4.1.6.1 Limitations 

Since GRACE focuses on a question-answering task, its applicability to broader NLP domains remains 
unexplored. Future work should explore calibration in other open-ended generation settings to assess 
generalizability. Furthermore, while our proposed metric, CalScore, serves as a baseline, it is not 
exhaustive of all forms of uncertainty and miscalibration. For instance, enhancing this metric for 
human-AI collaboration could help users determine when to rely on models and when to defer to 
human judgment. 
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Conclusion 

To design language models that work for complex populations, we must intervene throughout the 
process of model development. This dissertation discussed how we can train language models that 
take a population’s disagreement into account; account for diverse perspectives during evaluation 
through the lenses of social choice and linguistics; and study issues that arise at the deployment phase, 
such as misleading overconfidence, through comparison with a range of human participants. 

These efforts represent a first step towards improving how language models interact with complex 
populations: reducing potential harms, reimagining how diverse perspectives can inform model 
behavior, or creating safeguards for real-world deployment scenarios. The next challenge is to link 
real-world interactions more closely with the process of model design, evaluation, and deployment: 
whether that means more democratic processes for deciding how (and if) a model should be trained; 
evaluations that consider longer-term and larger-scale impacts on users; or auditing and governance 
during deployment that considers the messy realities of different use cases. I look forward to 
continuing on this broader mission. If you’ve read all the way here, I hope you’ll join me on it, too. 
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Appendices 

1.1.7 Appendix to Section 1.1 

1.1.7.1 Appendix A: Input Formatting  

Example of a sentence representing survey information: “The reader uses social media, news sites, 
video sites, and web forums. The reader has seen toxic comments, has been personally targeted by 
toxic comments, thinks technology has a somewhat positive impact on people’s lives, and thinks toxic 
comments are frequently a problem.”  

Example of a sentence representing demographic information: “The reader is a 55 - 64 year old white 
female who has a bachelor’s degree, is politically independent, is a parent, and thinks religion is very 
important. The reader is straight and cisgender.”  

1.1.7.2 Appendix B: Further Model and Dataset Details  

We divided the dataset from Kumar et al. (2021) into a train set of 97,620 examples and validation 
and test sets of 5,000 examples each (following Gordon et al., 2022, who also use a test set of 5,000 
examples for this dataset). We used the Social Bias Frames dataset’s existing split into a training set of 
35,424 examples, validation set of 4,666 examples, and test set of 4,691 examples (Sap et al., 2020).  

The model uses RoBERTa-base, which has 123 million parameters, and GPT2-large, which has 1.5 
billion parameters, for a total of approximately 1.623 billion parameters. No hyperparameter search 
was conducted; the recommended hyperparameters for RoBERTa-base and GPT2-large were used 
(Liu et al., 2019; Radford et al., 2018).  

For each training run, the model was trained on two NVIDIA Quadro RTX 8000 GPUs for 
approximately 12 hours.  

1.1.7.3 Appendix C: Result Details  

Table 4 provides the validation results for the metrics in Table 1. Tables 5 and 6 provide details on 
the demographic groups for which the model performs best and worst.  

Overall, each annotator labeled 20 examples on average (stddev=9). For the final level of categories 
in the ablations in Section 1.1.5, there are a mean of 31 annotators in each possible bucket 
(stddev=142).  

Examining patterns of error in the target model, we found that the model was most likely to miss a 
target group when the text was actually targeting people on the basis of race (33% of missed target 
groups), followed by religion (23%). In cases where the model returned a target group that was not 
represented in the example, the model most of ten predicted that the text was targeting people on the 
basis of race (25% of false positive predictions) or gender (18%). 

 

Model Individual Rating 
MAE 

Aggregate Rating 
MAE 

Variance MAE 

Text only 0.87 0.48 1.16 

  + IDs 0.88 0.50 1.11 
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  + demographics 0.77 0.44 1.02 

  + surveys 0.77 0.43 0.98 

  + demographics 
+ IDs 

0.85 0.47 1.05 

  + demographics 
+ ID + survey 

0.72 0.41 0.89 

  + demographics 
+ survey 

0.69 0.40 0.89 

Table 1.1.7.3.1  Validation set results for Table 1. Mean absolute error of rating prediction module with different input features. 

 

Model Individual Rating MAE 

Politically conservative 0.37 

Nonbinary 0.63 

American Indian or Alaska Native 0.64 

Native Hawaiian or Pacific Islander 0.64 

Less than a high school degree 0.66 

Religion somewhat important 0.73 

Doctoral degree 0.73 

Transgender 0.73 

Politically independent 0.83 

Politically liberal 1.24 

Table 1.1.7.3.2  Annotator demographic groups with the highest and lowest individual mean absolute error (five best and five worst). 
 

Model Individual Rating MAE 

Racist 0.06 

Syrian 0.26 

Brazilian 0.28 

Teen 0.33 

Millennial 0.35 

Non-believer 1.52 

Australian 1.52 

Russian 1.52 

Non-violent 1.55 

Educated 1.85 
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Table 6: Predicted target demographic groups with the highest and lowest individual mean absolute 
error (five best and five worst). Only words that could be mapped to demographic groups are included 
(non-mappable words such as connectors or stopwords were excluded). 

 

2.1.6 Appendix to Section 2.1: Additional Related Work 

Social choice 
Instead of applying social choice to AI, Fish et al. (2023) show that applying AI to augment democratic 
processes can improve canonical social choice results. In line with our discussion of application-specific 
reworkings of social choice axioms, Flanigan et al. (2023) uses smoothed analysis for relaxation of 
worst-case social choice axioms, which helps to distinguish voting rules that rarely satisfy axioms from 
those that often do. 

Halpern et al. (2023) discuss relaxed assumptions on fixed preferences and full information. Fish et al. 
(2023) discusses relaxations of assumptions regarding fixed, finite, and commensurable preferences. 
The literature on metric preferences (see e.g. Skowron & Elkind (2017); Anshelevich et al. (2018)) also 
parameterizes alternatives in Euclidean space; however, voters’ preferences over them are determined 
by their distance from each alternative. 

In single-winner elections, the distortion of Borda count is unbounded (Procaccia & Rosenschein, 
2006); however, numerical experiments from Benade et al. (2019) suggest that Borda count may be 
near-optimal in a setting where the voting rule outputs a ranking over alternatives rather than a single 
winner. 

RLHF 

Related empirical RLHF work has raised alternative ways to collect human preferences, such as 
measuring the degree of preference (Wilde et al., 2022) or soliciting fine-grained preferences that 
compare alternatives along multiple dimensions (Wu et al., 2023). Alternative optimization methods to 
RLHF have also been proposed (e.g. Rafailov et al. (2023); Liu et al. (2023)). 

Political theory 

For democratic theorists, social choice results over the last few decades have provided both challenges 
and clarity to normative discussions of what makes collective decision-making “legitimate.” For 
example, types of choices have different normative consequences (e.g., choosing the best way to explain 
a math problem or the best way to discuss a conspiracy theory), which links to discussion of what 
decisions are best suited to different voting rules; for instance, Miller (1992) argue that Borda count 
often works well, but key normative decisions might demand majoritarianism. In the context of LMs, 
this distinction also helps to distinguish between preferences that can be personalized and universal 
judgments that must affect all users. 

 

https://arxiv.org/html/2404.13038v1#bib.bib9
https://arxiv.org/html/2404.13038v1#bib.bib10
https://arxiv.org/html/2404.13038v1#bib.bib11
https://arxiv.org/html/2404.13038v1#bib.bib9
https://arxiv.org/html/2404.13038v1#bib.bib24
https://arxiv.org/html/2404.13038v1#bib.bib1
https://arxiv.org/html/2404.13038v1#bib.bib20
https://arxiv.org/html/2404.13038v1#bib.bib4
https://arxiv.org/html/2404.13038v1#bib.bib26
https://arxiv.org/html/2404.13038v1#bib.bib27
https://arxiv.org/html/2404.13038v1#bib.bib21
https://arxiv.org/html/2404.13038v1#bib.bib16
https://arxiv.org/html/2404.13038v1#bib.bib17
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2.2.9 Appendix to Section 2.2 

2.2.9.1 Appendix A: Supporting Results 

Figure 2.2.9.1.1 tracks the number of votes needed to move a model up a certain number of places in 
the rankings under greedy vs. heuristic voting strategies. 

 

 

Figure 2.9.1.1: Number of votes under the greedy strategy (top) and heuristic strategy (bottom) needed to achieve 
greater improvements in leaderboard rank. Point labels indicate the number of models that can achieve that rank 

improvement with under 10K strategic votes. Small improvements to rank (2-3 places) are relatively easy to achieve, 
requiring under 2% of total votes (2K of 100K total) to be manipulated and achievable by a relatively large subset of 

models. Larger improvements (15+ places) are achievable by a smaller subset of models with more manipulated votes. 
While the maximum rank boost achieved is higher for the greedy strategy, more models are able to achieve smaller boosts 

under the heuristic strategy (and typically with fewer votes). 

Figures 7 and 8 indicate the boost achieved in a model’s rank by adding the model family that favors it 
most. Inclusion of the most favorable family can move models 1-4 places upward, if desired, or 1-4 
places downward. 

https://services.arxiv.org/html/submission/7587115/view#A4.F7
https://services.arxiv.org/html/submission/7587115/view#A4.F8
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Figure 2.2.9.1.2: Counterfactual of model ranks with and without the family B of models that moves the target model 
furthest up when included. We plot each model’s rank when family B is excluded from the Elo calculation, versus its rank 

(among models not in B) when family B is included in the Elo dataset, i.e., the original dataset. 

 

 

Figure 2.2.9.1.3: Counterfactual of model ranks with and without the family B of models that moves the target model 
furthest down when included. We plot each model’s rank when family B is excluded from the Elo calculation, versus its 

rank (among models not in B) when family B is included in the Elo dataset, i.e., the original dataset. 

Figure 2.2.9.1.4: indicates the number of strategic prompts needed to achieve different changes in 
model rank. 
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Figure 2.9.1.4: Average rank change achieved as more strategic prompts are added. 

2.2.9.2 Appendix B: Live model identification 

We evaluate live model identification on the lmarena-ai/arena-human-preference-100k dataset. We 
consider seven open-weight models and three proprietary API-based models. The evaluated models 
include: 

 • gpt-4o-2024-08-06 
 • gpt-4o-mini-2024-07-18 
 • gpt-3.5-turbo-0125 
 • llama-3.1-70b-instruct 
 • llama-3-70b-instruct 
 • llama-3-8b-instruct 
 • llama-3.1-8b-instruct 
 • qwen2-72b-instruct 
 • gemma-2-2b-it 
 • gemma-1.1-7b-it 

For each model, we sample N=200 prompt-response pairs, of which 25% have been generated by the 
target model and the remaining 75% by other models. We then formulate the identification as a ranking 
task, where we make a guess for K outputs and we report Precision@K, where K/N corresponds to 
the fraction of total outputs guessed. 

https://services.arxiv.org/html/submission/7587115/lmarena-ai/arena-human-preference-100k
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Figure 2.9.2.1: Model detection precision at different fractions of total outputs guessed for open-weight models (square 
markers, dashed lines) and proprietary GPT models (circle markers, solid lines). Random baseline shown at 0.25 (base 

rate). 

 

Figure 2.9.2.2: Precision@30 (15% of outputs) as a function of tokens scored for open-weight models. Many models 
reach near-optimal precision with as few as 30 tokens, suggesting substantial efficiency gains are possible by truncating 

log-probability calculations early. 

For open-weight models, we compute the average token-level log-probability of the observed response 
under each candidate model using teacher forcing, i.e., the log-probability assigned to each answer 
token conditioned on the prompt and all preceding answer tokens. For proprietary models, we generate 
a single response per prompt and compute character-level similarity to the observed response. 

Figure 2.9.2.1 shows that open-weight models can be identified with high precision (>80%, except 
qwen2-72b-instruct, which has a slightly lower precision). Proprietary models achieve lower but above 
chance precision (approximately 40−50%). 

The outputs contain 315 tokens, on average. Figure 2.9.2.2 demonstrates that for open-weight models, 
we do not need to score all generated tokens to achieve high precision. Scoring only the first few tokens 
could reduce the computational cost of real-world model identification. 
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2.2.9.3 Appendix C: Factors Influencing Ease of Movement 

We conducted regressions on the best Δ rank achieved from strategic voting, prompting, or 
nomination. We used ridge regression with the following factors for each model A: The factors we 
consider are A’s variance in win rate against different models, A’s starting rank and Elo, the percent of 
battles in which A tied, the number of models in A’s model family, the gap in Elo between A and the 
model one rank higher, A’s win rate and total battles against the model one rank higher, the number of 
battles in A’s best language for strategic prompting, the number of total battles involving A, and the 
“Elo density” (defined as the number of models with Elo 0-50 points higher than the current model). 

Feature Coefficient 

elo density vs above 0.354919 

winrate variance 0.079747 

# total battles -0.064431 

elo gap vs model above 0.028544 

winrate vs model above -0.027852 

model Elo 0.026598 

# battles vs model above -0.021019 

tie rate -0.015949 

# battles in best prompt lang -0.011382 

model rank -0.009996 

family size -0.009464 

Train R2: 0.660 

Table 2.9.3.1: Regression coefficients for the best Δ rank achieved from strategic voting (RMSE=2.75). 
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Feature Coefficient 

# battles in best prompt lang -0.337490 

elo gap vs model above -0.126945 

elo density vs above 0.111206 

winrate variance 0.069611 

family size -0.066190 

winrate vs model above 0.040990 

# battles vs model above -0.039253 

tie rate 0.036262 

model rank 0.027060 

# total battles -0.016139 

model Elo -0.012417 

Train R2: 0.518 

Table 2.9.3.2: Regression coefficients for the best Δ rank achieved from strategic prompting (RMSE=2.67). 

 

Feature Coefficient 
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elo density vs above 0.231206 

elo gap vs model above -0.200973 

winrate variance 0.179882 

model Elo 0.157270 

# battles in best prompt lang 0.140642 

tie rate 0.089433 

model rank -0.077523 

# battles vs model above 0.073610 

# total battles -0.036676 

family size 0.017748 

winrate vs model above 0.001865 

Train R2: 0.557 

Table 2.9.3.3: Revised regression coefficients for the best Δ rank achieved from strategic nomination (RMSE=1.85). 

2.2.9.4 Appendix D: Scaling Experiments 

We conducted experiments varying the number of votes and found that when varying the total dataset 
size from 25%-200% of the current dataset size, manipulating the same percentage of total votes gives 
a near-uniform rank increase. This means that as the dataset size increases, the number of votes needed 
to achieve a similar boost increases linearly. 

We manipulated a constant ∼ 10% of battles as the dataset size increases. For experiments over 100K 
examples, we resampled battles from the existing 100K dataset. Then, we plotted dataset size vs. 
maximum rank boost when manipulating that constant proportion of votes. For heuristic voting, 
greedy voting, and combined prompting + nomination, the slope is near-constant with p>>0.05 (that 
is, not significantly different from a line with slope 0). This indicates that the number of manipulations 
needed to achieve similar rank boosts scales linearly with dataset size. For prompting and nominations, 
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the slope is also near-constant, though we do find that manipulations become slightly easier as dataset 
size increases (though these attacks depend on the proportion of models or prompts to total votes, so 
this result may vary by leaderboard). The figures below show the effects of scaling dataset size on the 
number of manipulations needed. Across experiments, the number of manipulations scales linearly or 
close to linearly. 

 

Figure 2.9.4.0: Best delta rank achieved when manipulating a constant 10% of battles on datasets of different sizes, on the 
heuristic voting strategy. When plotting dataset size (x) against best rank achieved with ≤ 10% battles modified (y), the slope 

is near-constant with p >> 0.05 (not significantly different from a line with slope 0). This indicates that the number of 
manipulations needed to achieve similar rank boosts scales linearly with dataset size. 

 

Figure 2.9.4.1: Best delta rank achieved when manipulating a constant 10% of battles on datasets of different sizes, on the 
greedy voting strategy. When plotting dataset size (x) against best rank achieved with ≤ 10% battles modified (y), the slope is 

near-constant with p >> 0.05 (not significantly different from a line with slope 0). This indicates that the number of 
manipulations needed to achieve similar rank boosts scales linearly with dataset size. 
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Figure 2.9.4.2: Best delta rank achieved when manipulating a constant 10% of battles on datasets of different sizes, with 
the strategic prompting strategy. When plotting dataset size (x) against best rank achieved with ≤ 10% battles modified (y), 

the slope is very slightly positive (p < 0.05), meaning that the manipulation becomes slightly easier as dataset size 
increases. 

 

Figure 2.9.4.3: Best delta rank achieved when manipulating a constant fraction of models on datasets of different sizes, 
using the strategic nomination strategy. When plotting dataset size (x) against best rank achieved (y) with ≤ 10 model copies 
inserted (number of battles per model copy thus scales with dataset size), the slope is slightly positive (p < 0.05), meaning 
the attack is somewhat easier as dataset size increases with the same proportion of models changed (though note that the 

proportion of models to total votes may vary by leaderboard). 

 



 

 

123 
Figure 2.9.4.4: Best delta rank achieved when manipulating a constant 10% of battles on datasets of different sizes, when 
combining the strategic nomination and prompting strategies in succession. When plotting dataset size (x) against best 

rank achieved with ≤ 10% battles modified (y), the slope is near-constant with p >> 0.05 (not significantly different from 
a line with slope 0). This indicates that the number of manipulations needed to achieve similar rank boosts scales linearly 

with dataset size. 

2.2.9.5 Appendix E: Strategic Prompting with New Subcategories 

Here, we test strategic prompting with a different subcategory split as proof-of-concept that strategic 
prompting can use any definable, consistent subcategories. We find rank boosts of up to 14 places, 
comparable to those from strategic prompting using language for prompt subcategories. 

 

Figure 2.9.5.1: Proof-of-concept that strategic prompting can use any definable, consistent subcategories: best delta rank 
and Elo achieved under strategic prompting, where prompt categories are based on whether the prompt is labeled as 

involving complexity, creativity, domain knowledge, and/or math. Rank boosts (up to 14 places) are comparable to those 
from strategic prompting using language for prompt subcategories. 

 

3.1.8 Section Appendices 
 

3.1.8.1 Appendix A: Additional Details on Feature Annotation 

Table 2 provides details on changes in orthography between the input and output. Table 3 details the 
top distinctive features for each variety. Table 4 details the top features retained per variety. Table 5 
lists the distinctive features that were introduced in GPT-3.5 outputs for the varieties of English in our 
study and the percentage of input-output pairs that contain an introduction for that feature. 

 American British Either 

Variety Input Change Input Change Input Change 

SAE 47% +5% 0% -2% 50% -3% 

SBE 4% +29% 45% -40% 51% +11% 

https://arxiv.org/html/2406.08818v3#A1.T2
https://arxiv.org/html/2406.08818v3#A1.T3
https://arxiv.org/html/2406.08818v3#A1.T4
https://arxiv.org/html/2406.08818v3#A1.T5
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AAE 2% +9% 0% 0% 98% -9% 

Indian 0% +36% 59% -50% 41% +14% 

Irish 1% +26% 58% -56% 40% +30% 

Jamaican 1% +22% 13% -13% 86% -9% 

Kenyan 4% +34% 34% -30% 62% -4% 

Nigerian 2% +43% 22% -21% 76% -22% 

Scottish 0% +26% 67% -63% 33% +37% 

Singaporean 1% +13% 28% -22% 71% +9% 

Table 3.8.1.1  Orthographic changes in inputs and GPT-3.5 outputs. Figure from Fleisig et al. (2025). 
 

English Variety Feature Name Example Input Count Output Count 

Nigerian Article omission do __ traditional 
wedding 

11.5 0.5 

 Borrowed words out in oyibo 
land 

6 2 

 Extended 
progressive 

I’ve been 
having 
testimonies 

3.5 0 

Kenyan Article omission prosper for __ 
better life 

31.5 2.5 

 Borrowed words removing maize 
from the 
shamba 

19.5 5 

 Extended 
progressive 

I’m hoping that 
the date was 
changed 

19 1 
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African 
American 

Distinctive 
words 

just been put on 
blast 

16 2 

 Copula omission You __ cool 15.5 0 

 Invariant present Emanda don’t 
consider 

10.5 0 

Jamaican -ed optionality my friend who 
use to live 

7.5 0 

 Article omission to __ new area 4.5 0 

 Invariant present He don’t know 4.5 0 

Indian Article omission I was __ 
research fellow 

20.5 0.5 

 Borrowed words he misses 
chappattis 

17 7 

 Distinctive 
words 

I have fixed 
Monday 5th 
February 

15 2 

Irish Object inversion Nadine hadn’t it 
done at that 
time 

3.5 0 

 Do be I do be living in 
Cork 

2.5 0 

 Borrowed words hear all the craic 1.5 0 

Singaporean Copula omission Your parcel __ 
stuck at customs 

9 0 

 -ed optionality disciplined and 
focus_ girl 

8.5 0 

 Invariant present Tomorrow never 
come 

5 0 
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Scottish Borrowed words tonight, 

Hogmanay 
21.5 1 

 -na I didna see 5 0 

 Cleft 
constructions 

It was one of the 
few games I 
enjoyed 

3 0 

Standard British Adverbs I’m currently 
doing 

43.5 45.5 

 Comparison better career 
options 

37 29.5 

 Distinctive 
words 

helped me find 
flats 

32.5 16.5 

Standard 
American 

Copula required Fallon is the 
next town 

48 46 

 3rd singular -s if that helps out 45 47.5 

 Relative clauses forest which will 
pretty much 

41.5 37.5 

     

Table 3.8.1.2  Most common distinctive features per English language variety. Figure from Fleisig et al. (2025). 
 

English Variety Feature Name Example Retention 
Frequency 

Nigerian Borrowed words you believe Alayi 
dialete will 

4% 

Kenyan Borrowed words regarding the 
harambee 

10% 

 Article omission in __ T.T. Cool 
atmosphere 

4% 
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 Extended progressive you are trusting in 

God 
2% 

African American Distinctive words being called "bae" 4% 

Jamaican —   

Indian Borrowed words sad news of Shri 
Panchawagh’s passing 

14% 

 Distinctive words purchased a flat 4% 

 Off shed off all your 
teaching 
responsibilities 

4% 

Irish Borrowed words Enjoy the craic! 2% 

Singaporean Borrowed words to best support ahma 2% 

Scottish Borrowed words tonight on 
Hogmanay 

2% 

Standard American Copula required Mount Rushmore is 
on my list 

92% 

 3rd singular -s it sounds quite 
affordable 

88% 

 Adverbs I’ll definitely keep 
them in mind 

67% 

 Relative clauses infrastructure that 
Alaska has 

63% 

 Comparison the craziest or coolest 41% 

 There existentials there are still some 
great places 

21% 

 Singular collectives the … commission 
seems like 

8% 
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 Single negation may not charge a fee 7% 

 Distinctive words with its bars and 
music venues 

6% 

Standard British 3rd singular -s it sounds like 96% 

 Adverbs I’ll definitely keep 
that 

81% 

 Relative Clauses struggles that 
contribute to 

71% 

 Comparison more lively 46% 

 Distinctive words open to flatsharing 31% 

 Past distinctions a customer’s bag 
went missing 

16% 

 There existentials there are 
accommodations 

11% 

 Single negation I’m not a big clubber 8% 

 Reflexives as a cyclist myself 4% 

Table 3.8.1.3  Features retained across inputs and outputs. Distinctive features that were never retained are omitted. Figure from Fleisig 
et al. (2025). 

 

English Variety Feature Name Example Introduction 
Frequency 

Standard American Adverbs the Senate carefully 
considers 

16% 

 Relative clauses stereotypes that 
hinder progress 

12% 

 There existentials there are plenty of 
activities 

9% 
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 Comparison the broader context 8% 

 Reflexives if I find myself in 
Brookings 

7% 

 3rd singular -s the Game Loop 
sounds like 

7% 

 Singular collectives the city of Tempe has 
taken 

2% 

Standard British Comparison it’ll make it easier 13% 

 Relative clauses anything else __ I 
should keep in mind 

12% 

 There existentials there are helpful 
people 

12% 

 Adverbs I will definitely 
google it 

10% 

 Reflexives musicians like 
yourselves 

4% 

 Single negation I don’t mind paying a 
bit 

4% 

 3rd singular -s it seems like 3% 

 Distinctive words I’ll check the 
timetables 

2% 

 Past distinctions I saw the second 
hand 

2% 

Table 3.8.1.4  Features introduced in outputs that are not present in inputs. Distinctive features not in the table were never introduced (i.e. 
have an introduction frequency of 0%). Only introduction of SAE and SBE features was found in the data. Figure from Fleisig et al. 

(2025). 

 
3.1.8.2 Appendix B: Annotation guides for linguistic features 

Standard American English 
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Distinctive words: Annotate as 1 any words that are unique to SAE (Beare 2019). 

 • bathroom 
 • fries 
 • yard 
 • vacation 
 • etc. 

Reflexives: Annotate as 1 any instance of the reflexive pronouns myself, yourself, himself, herself, ourselves, 
yourselves, themselves (Kerswill 2007: 43). 

3rd singular -s: Annotate as 1 any instance of 3rd person singular -s on a present tense verb (Britain 
2007: 86). 

 • He swims. 
 • She eats. 

Singular collectives: Annotate as 1 any instance of a collective noun that triggers singular verbal 
agreement (Turner 2023). 

 • The staff is taking the day off. 

Copula required: Annotate as 1 any instance of the auxiliary verb be. 

 • The dog is barking. 

Single negation: Annotate as 1 any instance of single negation where double negation would be 
possible in other English varieties (Kerswill 2007: 43). 

 • I don’t want any. 

Adverbs: Annotate as 1 any instance of an -ly adverb modifying a verb (Kerswill 2007: 43). 

 • Come quickly! 

Relative clauses: Annotate as 1 any instance of a relative clause introduced by that, which, or a null 
relativizer. 

 • the book (that) you gave me 

There existentials: Annotate as 1 any instance of the plural verbs are or were in a there existential with 
a plural subject (Britain 2007: 91). 

 • There were papers scattered everywhere. 

Comparison: Annotate as 1 any instance of a comparative or superlative with only one instance of 
comparative or superlative morphological marking (Britain 2007: 103). 

https://arxiv.org/html/2406.08818v3#bib.bib6
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib9
https://arxiv.org/html/2406.08818v3#bib.bib47
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib9
https://arxiv.org/html/2406.08818v3#bib.bib9
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 • It’s easier than it used to be. 

Standard British English 

Distinctive words: Annotate as 1 any words that are unique to Standard British English (Beare 2019). 

 • loo ‘bathroom’ 
 • biscuit ‘cookie’ 
 • crisps ‘chips’ 
 • rubbish ‘trash’ 
 • holiday ‘vacation’ 
 • etc. 

Reflexives: Annotate as 1 any instance of the reflexive pronouns myself, yourself, himself, herself, ourselves, 
yourselves, themselves (Kerswill 2007: 43). 

3rd singular -s: Annotate as 1 any instance of 3rd person singular -s on a present tense verb (Britain 
2007: 86). 

 • He swims. 
 • She eats. 

Do: Annotate as 1 any instance of do or did being used as a main verb, but not done (Kerswill 2007: 43). 

 • I did my homework. 

Past distinctions: Annotate as 1 any instance of a past verb like saw, did (as a main verb), ate, etc. where 
the simple past form of the verb is different from its past participle form (i.e. seen, done, eaten; Kerswill 
2007: 43). 

 • I saw the film. 

Single negation: Annotate as 1 any instance of single negation where double negation would be 
possible in other English varieties (Kerswill 2007: 43). 

 • I don’t want any. 

Adverbs: Annotate as 1 any instance of an -ly adverb modifying a verb (Kerswill 2007: 43). 

 • Come quickly! 

Relative clauses: Annotate as 1 any instance of a relative clause introduced by that, which, or a null 
relativizer. 

 • the book (that) you gave me 

There existentials: Annotate as 1 any instance of the plural verbs are or were in a there existential with 

https://arxiv.org/html/2406.08818v3#bib.bib6
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib9
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib26
https://arxiv.org/html/2406.08818v3#bib.bib26
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a plural subject (Britain 2007: 91). 

 • There were papers scattered everywhere. 

Comparison: Annotate as 1 any instance of a comparative or superlative with only one instance of 
comparative or superlative morphological marking (Britain 2007: 103). 

 • It’s easier than it used to be. 

African American English 

Distinctive words: Annotate as 1 any words that are unique to AAE (Green 2002: 21-31). 

 • ashy ‘the whitish coloration of black skin due to exposure to the cold and wind’ 
 • kitchen ‘the hair at the nape of the neck which is inclined to be very kinky’ 
 • saditty ‘uppity acting Black people who put on airs’ 
 • etc. 

Habitual be: Annotate as 1 any instance of the verb be used as an invariant auxiliary verb to indicate 
the recurrence of an event (Green 2002: 25). 

 • They be waking up too early. 

Remote past been: Annotate as 1 any instance of the invariant auxiliary verb been used to situate an 
event or the start of an event in the remote past (Green 2002: 25, 56). 

 • They been left. 

Invariant present: Annotate as 1 any instance of a present tense verb with a 3rd person singular subject 
that lacks -s morphological marking (Green 2002: 38). 

 • He eat_. 

Copula omission: Annotate as 1 any instance of omission of the verb be in contexts where it’s required 
in SAE (Green 2002: 38-41). 

 • She __ tall. 

Ain’t: Annotate as 1 any instance of the word ain’t (Green 2002: 39-41). 

 • He ain’t been eating. 

Done: Annotate as 1 any instance of the invariant auxiliary verb done used to indicate that an event has 
ended (Green 2002: 60). 

 • I told him you done changed. 
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Double negation: Annotate as 1 any instance of multiple negators like don’t, no, and nothing used in a 
single negative sentence (Green 2002: 77, 79). 

 • I don’t never have no problems. 

No ’s: Annotate as 1 any instance of possession indicated by putting the possessor and the noun next 
to each other, with no need for ’s (Green 2002: 102). 

 • Sometime Rolanda_ bed don’t be made up. 

It/they existentials: Annotate as 1 instances of the words it and they used in constructions to indicate 
that something exists (Green 2002: 80). 

 • It’s some coffee in the kitchen. 

Indian English 
Borrowed words: Annotate as 1 any words that have been borrowed into Indian English from other 
languages spoken in India (Oxford English Dictionary 2023). 

 • bhajan ‘a devotional song’ 
 • dupatta ‘a doubled or two-layered length of cloth worn by women as a scarf, veil, or 

shoulder wrap’ 
 • sadhana ‘dedicated practice or learning to achieve an (esp. spiritual) goal’ 
 • etc. 

Distinctive English words: Annotate as 1 any instance of English words that are used in a distinctive 
way in Indian English (Oxford English Dictionary 2023). 

 • kitty party ‘a social lunch at which those attending contribute money to a central pool and 
draw lots, the winner receiving the money and hosting the next lunch’ 

 • lunch home ‘a small restaurant or other eatery’ 
 • shuttler ‘a badminton player’ 
 • etc. 

Extended progressive: Annotate as 1 any instance of progressive aspect (i.e. be + verb-ing) used in 
innovative contexts when compared to SAE, especially with stative verbs like have, know, understand, and 
love (Gargesh and Sailaja 2013: 435). 

 • Mohan is having two houses. 

Off: Annotate as 1 the particle off combining with a range of verbs to change the meaning slightly 
(Oxford English Dictionary 2023). 

 • Let’s finish it off. ‘Let’s finish it and be done with it.’ 

Transitivity swap: Annotate as 1 any instance of verbs that are transitive in SAE acting intransitively 
in Indian English or verbs that are intransitive in SAE acting transitively in Indian English (Oxford 
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English Dictionary 2023). 

 • We enjoyed __ very much. 

Terms of address: Annotate as 1 any terms of address that appear after the person’s name rather than 
before (Oxford English Dictionary 2023). 

 • Mangesh uncle 

No inversion: Annotate as 1 any instance where subjects and verbs don’t invert in questions (Gargesh 
and Sailaja 2013: 435). 

 • What you would like to read? 

Embedded inversion: Annotate as 1 any instance where subjects and verbs in embedded questions 
invert (Gargesh and Sailaja 2013: 435). 

 • We asked when would you begin. 

Invariant isn’t it: Annotate as 1 the expression isn’t it used invariably as a tag or echo question (Gargesh 
and Sailaja 2013: 435). 

 • You are going tomorrow, isn’t it? 

Article omission: Annotate as 1 any instance of an article like a or the being omitted in contexts where 
it would be required in SAE (Sharma 2005: 545-546). 

 • What about getting __ girl to marry from India? 

Kenyan English 

Borrowed words: Annotate as 1 any words that have been borrowed into Kenyan English from Swahili 
and other languages spoken in Kenya (Schmied 2013: 479-481). 

 • ugali ‘maize-based dish’ 
 • matatu ‘collective taxi, minibus’ 
 • pole (sana) ‘sorry, politeness expression’ 
 • etc. 

Article omission: Annotate as 1 any instance of an article like a or the being omitted in contexts where 
it would be required in SAE (Buregeya 2013: 468). 

 • He noted that __ Electoral Commission of Kenya expects the Government to come out 
and explain itself. 

Invariant isn’t it: Annotate as 1 the expression isn’t it used invariably as a tag or echo question 
(Buregeya 2013: 468). 
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 • We are all God’s children, isn’t it? 

Myself: Annotate as 1 any instance of myself used as a subject in coordinations with and (Buregeya 2013: 
467). 

 • My brother and myself live far away from our family home. 

Object pronoun drop: Annotate as 1 any instance of an object pronoun (i.e. words like it, him, us) 
being omitted where it would be required in SAE (Buregeya 2013: 467). 

 • I really appreciate __. 

Non-count plural marking: Annotate as 1 any instance of a mass noun (i.e. a noun that can’t combine 
directly with numbers) getting plural marking with -s (Buregeya 2013: 467). 

 • We sell equipments. 
 • etc. 

Extended progressive: Annotate as 1 any instance of progressive aspect (i.e. be + verb-ing) used in 
innovative contexts when compared to SAE, especially with stative verbs like have, know, understand, and 
love (Buregeya 2013: 468). 

 • Are you understanding me? 

Than what: Annotate as 1 any instance of what following than in a comparative clause (Buregeya 2013: 
468). 

 • It’s harder than what you think. 

No inversion: Annotate as 1 any instance where subjects and verbs don’t invert in questions (Buregeya 
2013: 469). 

 • We’ll meet him where? 

Pronoun + subject doubling: Annotate as 1 any instance of subjects being doubled using pronouns 
that appear at the beginning of the sentence (Buregeya 2013: 469). 

 • Us, we love money. 

Nigerian English 

Borrowed words: Annotate as 1 any words that have been borrowed into Nigerian English from other 
languages spoken in Nigeria (Gut 2013). 

 • oga ‘master’ 
 • dodo ‘fried plantain’ 
 • burukutu ‘a type of alcoholic drink’ 
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 • etc. 

Extended progressive: Annotate as 1 any instance of progressive aspect (i.e. be + verb-ing) used in 
innovative contexts when compared to SAE, especially with stative verbs like have, know, understand, and 
love (Alo and Mesthrie 2004: 325). 

 • I am smelling something burning. 

Doubly marked past: Annotate as 1 any instance of the past tense in negatives and interrogatives 
being doubly marked with the past tense form of do and the past tense verb form (Alo and Mesthrie 
2004: 325). 

 • He did not went. 

Invariant isn’t it: Annotate as 1 the expression isn’t it used invariably as a tag or echo question (Alo 
and Mesthrie 2004: 327). 

 • You like that, isn’t it? 

Article omission: Annotate as 1 any instance of an article like a or the being omitted in contexts where 
it would be required in SAE (Alo and Mesthrie 2004: 331). 

 • have __ bath 
 • give __ chance 
 • etc. 

Non-count plural marking: Annotate as 1 any instance of a mass noun (i.e. a noun that can’t combine 
directly with numbers) getting plural marking with -s (Alo and Mesthrie 2004 via Gut 2013). 

 • furnitures 
 • equipments 
 • aircrafts 
 • etc. 

Resumptive pronouns: Annotate as 1 any relative clause that contains a resumptive pronoun (i.e. a 
pronoun within the relative clause that refers back to the noun at the beginning of the relative clause; 
Huber and Dako 2008: 372 via Gut 2013). 

 • the book that I read it 

To variation: Annotate as 1 any instance of infinitive to being absent with verbs where it would appear 
in SAE or being added to verbs where it wouldn’t appear in SAE (Alo and Mesthrie 2004: 329). 

 • enable him __ do it 

Unmarked comparatives: Annotate as 1 any instance of a comparative appearing without 
comparative morphology like -er (Alo and Mesthrie 2004: 330). 
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 • He has __ money than his brother. 

Reduplication: Annotate as 1 any instance of adjectives or adverbs undergoing reduplication (i.e. 
doubling of a word or a part of a word) for word formation or emphasis (Alo and Mesthrie 2004: 336). 

 • small-small things ‘insignificant things’ 

Jamaican English 

No -ed: Annotate as 1 any instance of a past tense verb form that would have -ed in SAE but appears 
with no -ed in Jamaican English (Sand 2013: 214). 

 • When I first started this, they terrify_ the hell out of me. 

Non-count plural marking: Annotate as 1 any instance of a mass noun (i.e. a noun that can’t combine 
directly with numbers) getting plural marking with -s (Sand 2013: 212). 

 • toxic wastes 
 • etc. 

Article omission: Annotate as 1 any instance of an article like a or the being omitted in contexts where 
it would be required in SAE (Sand 2013: 212). 

 • __ Computer is a thing that every day you learn. 

The + proper name: Annotate as 1 any instance of a definite article like the used with proper names 
or names of institutions or groups of people (Sand 2013: 212). 

 • In 1987 the Victoria Park was transformed. 

Extended progressive: Annotate as 1 any instance of progressive aspect (i.e. be + verb-ing) used in 
innovative contexts when compared to SAE, especially with stative verbs like have, know, understand, and 
love (Sand 2013: 213). 

 • At least we’re agreeing with the DEH. 

Copula omission: Annotate as 1 any instance of omission of the verb be in contexts where it’s required 
in SAE (Sand 2013: 215). 

 • Mary __ in the garden. 

Auxiliary omission: Annotate as 1 any instance of auxiliary verbs (e.g. form of be or have) omitted 
where they would be required in SAE (Sand 2013: 215). 

 • What __ you been up to? 

Double negation: Annotate as 1 any instance of multiple negators like don’t, no, and nothing used in a 
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single negative sentence (Sand 2013: 214). 

 • Me and him don’t have nothing. 

Invariant present: Annotate as 1 any instance of a present tense verb with a 3rd person singular subject 
that lacks -s morphological marking (Sand 2013: 214). 

 • I’m a person who love_ music. 

No inversion: Annotate as 1 any instance where subjects and verbs don’t invert in questions (Sand 
2013: 216). 

 • What you’re talking about? 

Irish English 
Borrowed words: Annotate as 1 any words that have been borrowed into Irish English from Irish, a 
Celtic language spoken in Ireland (Kallen 2013: 134-152). 

 • Gaeilge ‘Irish Gaelic’ 
 • bodhrán ‘drums’ 
 • boxty ‘kind of bread that can be fried or baked on a griddle’ 
 • craic, crack ‘talk, conversation, fun, news’ 
 • etc. 

It-clefts: Annotate as 1 any instance of a cleft construction made by moving part of the sentence to 
the beginning of the sentence alongside it is or it was (Kallen 2013: 72-73). 

 • It’s flat it was. 

Embedded inversion: Annotate as 1 any instance where subjects and verbs in embedded questions 
invert (Kallen 2013: 77). 

 • She asked him were there many staying at the hotel. 

For to: Annotate as 1 any instance of the expression for to used to indicate purpose (Kallen 2013: 84). 

 • He was asked for to loosen the rope. 

No that/who: Annotate as 1 any instance of a relative clause (i.e. whole clauses that modify nouns) 
that isn’t introduced by that or who when such words would be required in SAE (Kallen 2013: 85). 

 • A man __ came from the town told me. 

Extended progressive: Annotate as 1 any instance of progressive aspect (i.e. be + verb-ing) used in 
innovative contexts when compared to SAE, especially with stative verbs like have, know, understand, and 
love (Kallen 2013: 86-87). 
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 • That’s what I was wanting. 

Do be: Annotate as 1 any instance of the structure (do) be (verb-ing) used to indicate habitual action or a 
recurrent state (Kallen 2013: 90-93). 

 • He does be wanting to shave at all hours of the day and of the night. 

Object inversion: Annotate as 1 any instance of an object surfacing before an -ed or -en form of the 
verb, rather than after (Kallen 2013: 104). 

 • I have it pronounced wrong. 

Plural -s marked verbs: Annotate as 1 any instance of a verb with the ending -s used with a plural 
subject, where in SAE these forms would only occur with singular subjects (Kallen 2013: 112). 

 • We bakes it. 

-self: Annotate as 1 any pronoun ending in -self used in a wider range of contexts than in SAE, including 
when there is no matching pronoun that antecedes the -self form (Kallen 2013: 120). 

 • I was thinking it was yourself that was in it. 

Scottish English 

Borrowed words: Annotate as 1 any words that have been borrowed into Scottish English from other 
languages spoken in or around Scotland or older forms of English (Dictionaries of the Scots Language 
2022). 

 • ceilidh ‘social evening with music, singing, story-telling, etc.’ 
 • loch ‘lake, sheet of natural water, arm of the sea’ 
 • tasse, tassie ‘cup, bowl, goblet, drinking vessel, especially for spirits’ 
 • Hogmanay ‘December 31, New Year’s Eve’ 
 • etc. 

It-clefts: Annotate as 1 any instance of a cleft construction made by moving part of the sentence to 
the beginning of the sentence alongside it is or it was (Corrigan 2013: 355). 

 • And it was my mother (who) was daein it. 

Multiple modals: Annotate as 1 any instance of multiple modal verbs (i.e. words like can, must, should, 
might) co-occurring (Corrigan 2013: 357). 

 • She might can get away early. 

Three-way demonstratives: Annotate as 1 any instance of the hyper-distal demonstrative yon or thon 
(Millar 2007: 69). 
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Numberless demonstratives: Annotate as 1 any instance of the same demonstrative used in the 
singular and the plural (Millar 2007: 69). 

 • This rooms arena as warm as that rooms. 

Extended comparatives: Annotate as 1 any instance of comparative -er or superlative -est with a wider 
range of adjectives than in SAE (Millar 2007: 72). 

 • beautifullest 

Singular-plural mismatch: Annotate as 1 any instance of a singular verb form used with a plural 
subject (Millar 2007: 74). 

 • The men we saw walkin doon the road is comin back. 

Invariant -s: Annotate as 1 any instance of -s morphological marking on verbs in a narrative where no 
such marking would be possible in SAE (Millar 2007: 74). 

 • So I walks into the pub and I says to the barman… 

-na: Annotate as 1 any instance of negation expressed with -na rather than not (Millar 2007: 76). 

 • He didna laugh. 

nae: Annotate as 1 any instance of negation expressed with nae or no (Millar 2007: 76-77). 

 • You na ken anything about me! 

Singaporean English 

Borrowed words: Annotate as 1 any words that have been borrowed into Singaporean English from 
other languages spoken in Singapore (Lim 2013). 

 • roti ‘bread’ 
 • barang-barang ‘belongings, luggage’ 
 • shiok ‘exceptionally good’ 
 • sap sap sui ‘insignificant’ 
 • etc. 

Invariant present: Annotate as 1 any instance of a present tense verb with a 3rd person singular subject 
that lacks -s morphological marking (Leimgruber 2013: 71). 

 • He want_ to see how we talk. 

No -ed: Annotate as 1 any instance of a past tense verb form that would have -ed in SAE but appears 
with no -ed in Singaporean English (Leimgruber 2013: 72). 
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 • That’s what him say to us just now. 

No inversion: Annotate as 1 any instance where subjects and verbs don’t invert in questions 
(Leimgruber 2013: 74). 

 • How much it will be? 

Copula omission: Annotate as 1 any instance of omission of the verb be in contexts where it’s required 
in SAE (Leimgruber 2013: 75). 

 • My uncle __ staying there. 

Wh-word placement: Annotate as 1 any instance of wh-words (i.e. who, what, where, etc.) in questions 
surfacing within the sentence rather than at the beginning (Lim 2013: 460). 

 • You buy what? 

Where got?: Annotate as 1 any instance of the phrase where got used to signal disagreement or to 
challenge a statement (Leimgruber 2013: 79). 

 • A: This dress is very red. 
 • B: Where got? ‘Is it? I don’t think so.’ 

Factual got: Annotate as 1 any instance of got used to indicate that something is a statement of fact 
(Leimgruber 2013: 78-79). 

 • I got go Japan. ‘I have been to Japan before.’ 

Got existentials: Annotate as 1 any instance of the verb got used in existential constructions (i.e. it 
is… or there are…) rather than a form of be (Leimgruber 2013: 78). 

 • Got two pictures on the wall. 

Discourse particles: Annotate as 1 any instance of a discourse particle (i.e. optional elements that 
serve a conversational purpose like right? after a question or y’know to seek confirmation) unique to 
Singaporean English (Leimgruber 2013: 87-89). 

 • Lah, la 
 • Ah 
 • Leh 
 • Meh, me 
 • etc. 

3.1.8.3 Appendix C: GPT-3.5/4 system prompts 

baseline prompt: 
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"You are the recipient of the following message. Write a message that responds to the sender. Use 
"<NAME>" as the placeholder for any names." 

style + tone prompt: 

"You will receive a message. Reply to the message as if you are the recipient. Match the sender’s dialect, 
formality, and tone. Use "<NAME>" as the placeholder for any names." 

3.1.8.4 Appendix D: Additional Details on Data Collection 

For study 1, country populations were sourced from 2024 US Census Bureau data U.S. Census Bureau 
(2024). For regions or populations without available 2024 data, populations were estimated using the 
most recent data found, as follows: Irish English speaker population was estimated from the population 
of Ireland (US Census Bureau) plus the 2021 Northern Ireland census by the Northern Ireland Statistics 
and Research Agency (2021). The population of Scotland (2022 census) was sourced from the National 
Records of Scotland (2024). The U.S. African-American population (2022 estimates) was sourced from 
Moslimani et al. (2024). 

For study 2, we obtained a license for the ICE corpora that permits non-profit academic research. The 
SCOTS corpus license permits use of the data for research purposes. The SAE, SBE, and AAE data 
were released under an MIT license. The Singaporean English data was released under a CC BY-NC-
SA 4.0 license (https://github.com/wdwgonzales/CoSEM). Names in the data were replaced with 
[NAME]. 

Study 2 was first approved by our institutional review board (IRB). Native speakers for Study 2 were 
recruited via Prolific using a combination of filters. Participants were filtered using the “nationality” 
filter to select participants whose nationality corresponded to the variety being tested. In addition, we 
asked participants to provide details on their experience with the variety being tested: when they learned 
English, whether the variety was spoken in the environment where they grew up, with whom they used 
the variety, and their country of origin and residence. 

Participants were paid $15 to complete the survey, based on our estimated completion time of one 
hour. 

Responses were manually reviewed for quality. Annotators who completed the survey in under five 
minutes or gave nonsensical responses to the required free responses section were to be removed, but 
no responses were found that met these criteria. Annotators who did not meet the study criteria for 
familiarity with the variety (e.g., responded that they did not grow up in an environment where the 
variety was spoken) were removed (n=14).8 

Table 6 gives the race/ethnicity and gender demographics of the annotators in the study. 

Demographic Attribute 

  

Demographic Group % 
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Gender 

  

Men 46% 

Women 51% 

Nonbinary or other 2% 

Prefer not to say 2% 

Race and ethnicity 

  

East Asian 4% 

South Asian 14% 

Southeast Asian 2% 

Black or African-American 41% 

White 32% 

Multiple/Other 5% 

Prefer not to say 2% 

Table 3.1.8.4.1  Race/ethnicity and gender of annotators in Study 2. Any identities not listed were not represented among the participants. 
Figure from Fleisig et al. (2025). 

 

Consent Form: Key Information and Consent to Participate in Research: Assessing linguistic 

bias in ChatGPT 

Introduction and Purpose 

The study includes the following research team members: [names]. 

The purpose of this study is to understand how ChatGPT performs for speakers of different English 
varieties. This includes assessing the quality of language in outputs generated by ChatGPT and 
evaluating whether these outputs incorporate stereotypes or any other demeaning content. 

Procedures 

Upon agreeing to participate in the research, you will continue on to a survey. The survey has has two 
main components: (1) evaluation by respondents (native speakers of target English varieties) of default 
outputs from ChatGPT; and (2) evaluation by respondents (native speakers of the target English 
varieties) of outputs from ChatGPT prompted to respond in the same dialect as the input. A third 
component is a reflection which will track and be used to assess how study participants experience the 
evaluation process and how their lived experiences impact responses. The survey should last about 1 
hour. 
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Compensation 

You will receive $15 for completing the survey. 

Benefits 

Beyond the compensation you will receive for completing this survey, there is no direct benefit to you. 

Risks/Discomforts 

As with all research, there is a chance that confidentiality could be compromised; however, we are 
taking precautions to minimize this risk. 

Confidentiality 

Your study data will be handled as confidentially as possible. If results of this study are published or 
presented, any personally identifiable information will not be used. No identifiable information will be 
collected and IP is turned off on the Qualtrics form. Authorized representatives from [institution] may 
review research data for purposes such as monitoring or managing the conduct of this study. Identifiers 
will be removed from any identifiable information. After such removal, de-identified data could be used 
for future research studies by myself or others indefinitely without additional informed consent from 
the subject or the legally authorized representative. Regardless, do not reveal any information that might 
place them at risk of civil or criminal liability or cause damage to their financial standing, employability, 
or reputation. 

Rights 

Participation in research is completely voluntary. You are free to decline to take part in the project. 
Whether or not you choose to participate in the research there will be no penalty to you or loss of 
benefits to which you are otherwise entitled. Given that all data is anonymized, there will not be an 
opportunity for survey participants to withdraw from the study after submitting the survey response. 

Questions 

If you have any questions about this research, please feel free to contact [contact information]. If you 
have any questions about your rights or treatment as a research participant in this study, please contact 
[institutional contact information]. 

GDPR 

This research will collect data about you that can identify you, referred to as Study Data. The General 
Data Protection Regulation (“GDPR”) requires researchers to provide this Notice to you when we 
collect and use Study Data about people who are located in a State that belongs to the European Union 
or in the European Economic Area. We will obtain and create Study Data directly from you so we can 
properly conduct this research. The Research Team will collect and use the following types of Study 
Data for this research: - Your racial or ethnic origin and nationality - Your gender identity and age 

This research will keep your Study Data for the duration of the study and destroy it after this research 
ends. The following categories of individuals may receive Study Data collected or created about you: - 
Members of the research team so they properly conduct the research - [institution] staff will oversee 
the research to see if it is conducted correctly and to protect your safety and rights 

The GDPR gives you rights relating to your Study Data, including the right to: - Access, correct or 
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withdraw your Study Data; however, the research team may need to keep Study Data as long as it is 
necessary to achieve the purpose of this research - Restrict the types of activities the research team can 
do with your Study Data - Object to using your Study Data for specific types of activities - Withdraw 
your consent to use your Study Data for the purposes outlined in the consent form and in this 
document. (Please understand that once you submit the survey you will not be able to withdraw as 
responses are anonymous.) 

[institution] is responsible for the use of your Study Data for this research. You can contact 
[institutional contact information] if you have: - Questions about this Notice - Complaints about the 
use of your Study Data - If you want to make a request relating to the rights listed above. 

Consent 

If you agree to take part in the research, please click the “Accept” button below. You can also print a 
copy of this page to keep for your future reference. 

Sample annotation form 

Figures 6, 7, 8, and 9 provide a sample annotator information and annotation form (for Jamaican 
English). 

https://arxiv.org/html/2406.08818v3#A4.F6
https://arxiv.org/html/2406.08818v3#A4.F7
https://arxiv.org/html/2406.08818v3#A4.F8
https://arxiv.org/html/2406.08818v3#A4.F9
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Figure 3.8.4.2.1  Sample demographics form, part 1 (Jamaican English). Figure from Fleisig et al. (2025). 
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Figure 3.8.4.2.2  Sample demographics form, part 2 (Jamaican English). Figure from Fleisig et al. (2025). 
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Figure 8:Sample annotation form, part 1 (Jamaican English). 
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Figure 3.8.4.2.3  Sample demographics form, part 3 (Jamaican English). Figure from Fleisig et al. (2025). 
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3.2.6 Appendix to Section 3.2: Result details 

Race/ethnicity categories were selected to be roughly representative of the largest racial categories of 
the U.S., based on the 2024 population estimates provided by the U.S. American Community Survey. 
In total, 22 African American, 16 Asian, 31 Hispanic, 3 Native American or other Indigenous culture, 
and 115 White speakers participated in this study. A total of 14 participants identified as ‘other’ or as 
multiracial, and were grouped for statistical purposes. The regional categories were placed into five 
groups based on Holliday (2023). 42 participants were from the Midwestern U.S., 39 from the 
Northeast, 32 from the Northwest, 42 from the Southeast, and 46 from the Southwest. Participants 
were stratified by age group, which Prolific preset into the following groups: 18–24 (N = 30), 25–34 
(N = 69), 35–44 (N = 46), 45–54 (N = 34), and 55+ (N = 22). 102 women, 98 men, and 1 non-binary 
person participated in the study. 

The four racial categories in the perception experiment were selected based on 4 largest ethnic groups 
in the 2024 population estimates provided by the American Community Survey. The perceived age 
categories were set to mirror the age categories predetermined by the participant recruitment platform. 
The region categories for both the perception experiment and demographic questionnaire were based 
on Holliday (2023). 

To understand the auditory connections for the associations listeners are making, we examined the 
acoustic-prosodic features of each voice. The voice quality measures were analyzed to assess the 
differences between the nine Whisper voices. A Principal Components Analysis (PCA) was performed 
on CPP, HNR, H1-H2, H2-H4, SHR, and f0. The reason for using a PCA was twofold: (1) acoustic 
measures for phonation contrasts are notoriously variable, and (2) these AI-synthesized voices are 
poorly understood in terms of their intended acoustical outputs. Using a PCA allows us to evaluate 
which measures are best for distinguishing these voices, and refine these measures into components 
rather than evaluate each individual acoustic correlate. Table 1 shows the loadings of the PCA. A total 
of six components were outputted by the PCA, however, only the first two components (cumulative 

50 % of variance) will be considered in the voice analysis (Figures 10 and 11). Instead of analyzing 
individual acoustic measures, we analyze the PC scores of the voices to account for collinearity and to 
diminish the amount of measures being analyzed. The first component has positive loadings for SHR 
and CPP, and negative loadings for HNR, H1-H2, f0, and H2-H4. A higher score of the first 
component would indicate a more modal or constricted voice with a lower f0 while a lower score 
would indicate a noisier, breathier phonation with higher f0. For the second principal component, a 
positive loading for H1-H2 was found while it revealed negative loadings for HNR, SHR and H2-H4 
(Table 3). 

Table 3: 

Results of PCA. 

Component Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

Standard deviation 1.27 1.67 1.00 0.93 0.80 0.71 

Proportion of variance 0.27 0.23 0.17 0.14 0.11 0.08 

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_019
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_ref_019
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_tab_001
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_010
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_011
https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_tab_003


 

 

157 
Cumulative proportion 0.27 0.50 0.67 0.81 0.92 1.00 

 

CPP 0.28 0.02 0.89 0.10 0.01 0.33 

HNR −0.47 −0.44 0.36 −0.04 0.40 −0.55 

SHR 0.42 −0.28 −0.09 −0.76 0.37 0.14 

H1H2 −0.43 0.52 −0.02 −0.05 0.61 0.40 

H2H4 −0.26 −0.67 −0.16 0.23 −0.01 0.63 

f0 −0.52 0.08 0.18 −0.59 −0.57 0.13 

 

Figure 3.2.6.1: PC1 scores by voice sorted by median. 
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Figure 11: 

PC2 scores by voice sorted by median. 

Figure 10 shows a violin plot of the PC1 scores by voice. A linear mixed effects model with a fixed 
effect of voice and a random intercept for position in the sentence was fitted to the data to analyze 
differences in the PC1 scores. All voices were significantly different (p < 0.05) from each other after 
conducting a tukey-adjusted pairwise comparison of the voices. The model and violin graph both 
reveal that echo, onyx, and ash have generally higher PC1 scores. These voices are then generally 
trending to be more modal in their phonation, with lower f0. At the lower end of the PC1 scores, sage, 
coral, and nova show more breathy, higher pitched voices. Finally, shimmer, alloy, and fable show 
mid-range PC1 scores, meaning their phonation and f0 likely lie in between the more extreme voices. 

Research ethics: University of California, Berkeley Committee for the Protection of Human Subjects 
Protocol Number: 2025-03-18348. 
  

https://www.degruyterbrill.com/document/doi/10.1515/phon-2025-0065/html#j_phon-2025-0065_fig_010
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3.3.1 Appendix to Section 3.3 

Wait—where’s Section 3.3? More importantly, why are you reading the appendices of my dissertation? 
You know this is all available online with nice arXiv formatting, right? This can’t be the best use of 
your time. Are you really this invested? Don’t you have a family? Children? Have you called your mom 
lately? 

Anyways. Congratulations, I’m impressed. Have some additional figures, just for you. 

 

Figure 3.3.1.1: Example of leaderboard ranking applied to a high-stakes deployment setting. This leaderboard has 
SOTA coverage of bubble tea establishments in Berkeley. Please cite if used. 

 

Figure 3.3.1.2: Berkeley native Ursula Kroeber (yes, like Kroeber Hall) Le Guin gives impeccable advice regarding 
impostor syndrome. If she can do it, so can you!  

Figure credit: Le Guin, Ursula K. The Last Interview (2019). 
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Figure 3.3.1.3: Author contributions: Eve Fleisig designed the research questions, trained the models, implemented the 
evaluation scripts, and wrote the paper. Sandía de la Peña distracted the author, sat on the keyboard, chewed on the 
implementation notes, and shed hair on the literature review. However, this is permissible porque es muy muy muy 

preciosa y hermosa y perfecta como una princesita sísísí muah muah muah. 

 

Figure 3.3.1.4: I mean seriously, who can say no to that face? 
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4.1.7 Appendix to Section 4.1 

4.1.7.1 Appendix A: Ethical Considerations 

We address ethical considerations for dataset papers, given that our work contains a new dataset, 
GRACE, and collects human responses in our user study. We reply to the relevant questions posed in 
the acl 2022 Ethics faq13. 

When collecting human responses and questions, our study was pre-monitored by an official irb 
review board to protect the participants’ privacy rights. Buzzpoints in GRACE are anonymous; the 
feedback survey asked for respondents’ names for purposes of compensation, but only aggregate data 
and anonymous quotes are used in our study. Before distributing the survey, we collected consent 
forms for the workers to agree that their answers would be used for academic purposes. The trivia 
players were awarded a total $900 USD worth of online gift cards after the competitions. The prizes 
were $150, $100, $50 for the first three places at each site where the tournament was held. The trivia 
writers were paid $5 per question and editors paid $2.50 per question edited based on the estimated 
completion time, and which was calculated to reach over $10 usd an hour (a rate higher than the us 
national minimum wage of 7.50 usd ). 

4.1.7.2 Appendix B: Dataset Details 

Distribution of questions in dataset 

Questions in GRACE are distributed as follows: 

 • 20% literature: 5% American literature; 5% British literature; 5% European literature; 5% 
world and other literature 

 • 20% history: American history; 5% world history; 5% European history; 5% other history 
 • 20% science: 5% Biology; 5% Chemistry; 5% Physics; 5% computer science, math, and other 

science 
 • 15% arts: 5% painting/sculpture; 5% classical music; 5% other arts 
 • 15% social sciences: 5% religion; 5% philosophy; 5% 
 • 5% geography and current events 
 • 5% myth, pop culture, and other 

This distribution is based on the standard quizbowl distribution at acf-quizbowl.com/distribution. 

Sample dataset questions 

Q: The protagonist of the story “Storm in a Teacup” obsessively reads a book with this number in its 
title. This number partly titles a work that opens by noting that people are born naturally good, used 
to teach children. One hundred times this number titles a poetry anthology whose length was inspired 
by the Classic of Poetry. A man visits a hut this number of times to recruit the Sleeping Dragon, and 
this many characters pledge to die on the same day while swearing the Peach Garden Oath. For 10 
points, a Luo Guanzhong novel is titled for how many kingdoms? 

ANSWER: three [or san; accept Three Character Classic or Three Hundred Tang Poems or Romance 

of the Three Kingdoms; accept Sānzì Jīng or Tángshī sānbǎi shǒu or Sānguó Yǎnyì] 

Q: During this decade, some members of the Circle of Seven participated in a group called the Golden 
Square and led a coup to remove the Iraqi government from power. The Pahlavi ruler and father of 
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Mohammed Reza Shah was forced out of power in this decade, during which a supply route was 
developed to run through port cities to Tehran. The Syria-Lebanon campaign of this decade was led 
by Archibald Wavell, who later lost in the Western Desert, where the Battle of El Alamein took place. 
For 10 points, General Erwin Rommel fought in what decade when most of World War Two 
occurred? 

ANSWER: 1940s [prompt on 40’s] 

Q: One form of this adjective describes a distributed object whose state is equivalent to a strictly 
serializable database. Weight decay tends to pull a sigmoid activation function towards this adjective’s 
namesake "regime". If all activation functions of a deep neural network have this form, the output is 
provably this type of mapping of the inputs. ReLU is a modified piecewise form of this type of 
function, which is the simplest separator in two-dimensional binary classification. The most common 
shape of least-squares regression is described by, for 10 points, what adjective that describes functions 
of the form “y=mx+b”? 

ANSWER: linear [accept linearizable or word forms; prompt on planar or hyperplanar or word forms] 

Q: The NSF’s IDP sets standards for tools used to extract this substance, which include Foro 3000 
and DISC. Coral, certain protists, and this substance are the primary sources of delta-O-18 
information. Very thin layers of this substance that look like oil spills are nicknamed for grease. Due 
to diffusion, clathrates and trapped air in this substance help to track atmospheric gas concentrations, 
and may be retrieved from masses that undergo calving, resulting in growlers or bergy bits. For 10 
points, name this material, which may be extracted in core samples from namesake sheets or from 
glaciers. 

ANSWER: ice [or frozen water; or solid water; accept ice sheets; accept icebergs; prompt on snow or 
firn; prompt on glaciers; prompt on water 

Q: Sephardic Jews have recently moved into this region near the original Vitagraph studios in 
Midwood. The world headquarters of the Chabad (“huh-BAHD”) movement is located in this region 
within a neighborhood where the Rebbe struck and killed Gavin Cato in 1991. Many Jews of the 
Bobov sect live in this region’s neighborhood of Borough Park. This region, where Jews clashed with 
Black residents in the Crown Heights Riots, is where many Hasidic Jews live in the increasingly trendy 
neighborhood of Williamsburg. For 10 points, name this New York City borough whose Jewish 
residents often live near Coney Island. 

ANSWER: Brooklyn [or Kings County; prompt on New York City] 

Q: At the 2023 Women’s World Cup, the Spanish and Dutch teams sparked controversy by seemingly 
performing this dance during training. Lyrics commonly sung to this dance describe putting one foot 
in front of the other “until the Sun shines on me.” The currently youngest lawmaker in one country 
led this dance while tearing papers in half. Participants in a November 2024 march performed this 
dance in protest over a bill introduced by David Seymour that would affect the Treaty of Waitangi. 
For 10 points, recent protests in New Zealand have made use of what Māori ceremonial dance? 

ANSWER: haka 

Sample questions for calibration analysis 

Sample question on which models are poorly calibrated: 
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Q: One thinker’s argument that this claim is a "hyperbolic point which ought to be silent" was subject 
to a response titled "My Body, This Paper, This Fire." Jacques Derrida first coined the word 
"différance" in a book responding to Michel Foucault’s Madness and Civilization and partially titled 
for this statement. In The Search for Natural Light, a premise involving doubt was added to this 
statement. This claim, which Pierre Gassendi criticized for being circular, was presented as an example 
of a "clear and distinct" idea. For 10 points, name this first principle coined in René Descartes’ 
Discourse on the Method. 

ANSWER: "I think, therefore I am" [or "cogito, ergo sum"] 

Sample question on which models are well-calibrated: 

Q: Sephardic Jews have recently moved into this region near the original Vitagraph studios in 
Midwood. The world headquarters of the Chabad movement is located in this region within a 
neighborhood where the Rebbe struck and killed Gavin Cato in 1991. Many Jews of the Bobov sect 
live in this region’s neighborhood of Borough Park. This region, where Jews clashed with Black 
residents in the Crown Heights Riots, is where many Hasidic Jews live in the increasingly trendy 
neighborhood of Williamsburg. For 10 points, name this New York City borough whose Jewish 
residents often live near Coney Island. 

ANSWER: Brooklyn [or Kings County; prompt on New York City] 

4.1.7.3 Appendix C: Dataset Comparison for Adversarialness 

We compare GRACE with the TrickMe dataset Wallace et al. (2019) on (1) question length and (2) 
question difficulty evaluation. Overall, GRACE questions are longer: GRACE has an average of 5.09 
sentences per question, while TrickMe has an average of 4.74 sentences. We compare the difficulty 
based on the accuracy rate as the clues are revealed in Table 2. GRACE exhibits higher adversarialness 
throughout the incremental questions. 

  20% 40% 60% 80% 100% 

TrickMe GPT-4 31.07% 65.97% 82.20% 89.96% 93.68% 

GPT-
4o 

28.77% 61.56% 77.90% 86.64% 91.11% 

GRACE GPT-4 7.49% 23.62% 30.60% 40.40% 52.19% 

GPT-
4o 

8.59% 22.65% 32.05% 42.86% 53.78% 

Table 4.1.7.3.1: GRACE and TrickMe dataset accuracy rate comparison. Similar as Figure 5, we compare the accuracy when the percentage of clues 
revealed (%) are 20%, 40%, 60%, 80%, 100%. GRACE results show much lower accuracy compared with TrickMe, indicating that our dataset is more 

adversarial incrementally. 

4.1.7.4 Appendix D: Interface 

Guesser details 

Before deciding when to buzz, models need to generate answers as clues are revealed. We call this 
process “guessing” and the model is used as a guesser. The full prompt of the guesser is in Appendix 
E.1, including the general instructions and retrieved examples. We train a TF-IDF model as the 

https://arxiv.org/html/2502.19684v1#bib.bib32
https://arxiv.org/html/2502.19684v1#A3.T2
https://arxiv.org/html/2502.19684v1#S5.F5
https://arxiv.org/html/2502.19684v1#A5.SS1
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retriever with past quizbowl questions following Rodriguez et al. (2019a).14 The main goal is to reduce 
hallucinations and guide the model to learn the granular clue and guess format. 

Training buzzer for authoring interface 

For the writing interface, the logistic regression model was trained with two kinds of features: GPT-
3.5’s logit based confidence, and pre-designed features derived from the question, answer, and 
metadata. Features include text-based metrics (e.g., TF-IDF scores, overlaps between Llama 
predictions and TF-IDF guesses), probabilistic outputs (Llama log and prompt probabilities), and 
contextual indicators (sentence index, length, and presence of phrases like “10 points”). This model 
was trained on Rodriguez et al. (2019a), also pyramidal questions, using Llama-13b predictions 
(Touvron et al., 2023). 

A primary distinction from Wallace et al. (2019) is that their interface only showed the final correct 
guess. 

Question editors and writers 

Writers and editors were recruited via a public quizbowl forum and were located in the US and UK. 
All editors underwent IRB training and had written for at least three previous tournaments. Writers 
were paid $5 per question and editors paid $1 per question edited. A head editor with 5 years of 
experience writing and editing quizbowl questions, including as head editor of two previous 
tournaments, supervised the writers and provided an additional quality check. The consent form is in 
Table 3. 

https://arxiv.org/html/2502.19684v1#bib.bib25
https://arxiv.org/html/2502.19684v1#bib.bib25
https://arxiv.org/html/2502.19684v1#bib.bib30
https://arxiv.org/html/2502.19684v1#bib.bib32
https://arxiv.org/html/2502.19684v1#A4.T3
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Privacy Policy 

Introduction 

Welcome to ’Stump the Computer,’ hosted by the research group at xxx. Your 
participation in our research is voluntary and deeply valued. 

This Privacy Policy outlines how we handle the information you provide during 
your interaction with our research project. 

Purpose of the Study 

This research, conducted by xxx, aims to collect human-generated data for a fact 
verification system. 

Participants, like you, who enjoy trivia knowledge and trivia-related games, are 
invited to help us understand how humans and computers handle challenging 
questions. 

Information Collection and Use 

As you participate in this project, you will interact with an online interface to 
submit questions designed to challenge both human and computer intelligence. 

You may use a Google Doc, automatically generated in your Google Account, to 
draft these questions. 

We collect this data to enhance our research and improve the interaction models 
between humans and computers. 

Data Confidentiality 

We take your privacy seriously. All data collected during this study will be stored 
on a password-protected web server with encrypted storage. 

The server is in a secure access data center, managed professionally. Access to 
the data is strictly limited to the principal investigators of this study. 

After the study concludes, any personally identifiable information will be 
anonymized or destroyed to ensure your privacy. 

Potential Risks 

We acknowledge the risk of breach of confidentiality in any online activity. 

We have implemented robust security measures to mitigate such risks and protect 
your data. 

Benefits and Compensation 

While there is no direct personal benefit from participating, your contributions 
are invaluable in advancing research on human-computer interactions. 
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Compensation for participating includes $5 per question written and $2.50 for 
each question edited. 

Your Rights 

Participation is entirely voluntary. You may withdraw at any time without penalty. 
Should you have any questions or need to report a concern, please contact: 

xxx 

Changes to This Policy 

We may update this policy periodically to reflect changes in our practices. 
Continued participation after such changes constitutes your acceptance of the 
new terms. 

Consent 

By signing up and participating, you affirm that you are at least 18 years old, have 
reviewed this policy, and consent to engage in this study. 

Your rights and privacy are paramount, and we are committed to protecting 
them. 

Thank you for participating in our task and contributing to the advancement of 
our research. 
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Table 3:Consent form for question writers. 

Model confidence elicitation: We experiment two approaches to get the model confidence score 
for a generated guess. 

Token-logit based confidence 

Log probability of the generation is a common method to estimate the model confidence Nguyen and 
O’Connor (2015). To get the confidence score in our setup, we retrieve the logit for each generated 
token, and take the average of the exponentials of these logit values (Huang et al., 2023). 

Verbalized confidence 

Recent study shows verbalized probabilities can be better calibrated than log probabilities Tian et al. 
(2023); Xiong et al., which motivate us to include the verbalized confidence in our experiments. We 
follow the previous prompt in Appendix E.1 and add the instructions from Tian et al. (2023) to return 
the confidence: 

Given the following information, provide the title of the Wikipedia page that would best answer the 
last question fragment. If you are not sure, just give your best guess. If you don’t know, answer None. 
The answer should be as short as possible. While you give the guess, please also provide the probability 
that it is correct (0.0 to 1.0). 
Give ONLY the guess and probability, no other words or explanation. For example: 

The answer is: <most likely guess, as short as possible; not a complete sentence, just the guess!> 
Probability: <the probability between 0.0 and 1.0 that your guess is correct, without any extra 
commentary whatsoever; just the probability!> 

Question: {retrieved examples} 
The answer is: {retrieved examples} 

Question: {each clue} 

To ensure accurate extraction of probability scores from model outputs, we initially define the desired 
format based on the prompt. We then proceed to identify and print any cases where confidence scores 
are not successfully extracted. By observing these cases, we can discern patterns and refine our post-
processing rules. This iterative approach allows us to capture as many corner cases as possible, 
enhancing the robustness of our data extraction process. 

4.1.7.5 Appendix E: Model Buzzpoint Generation 

Guesser details 

To retrieve a model’s top guess after n clues have been revealed, we prompt the model with the first 
n clues from the question. To retrieve the best guess, we employ a "retrieval and guess" approach to 
enhance QA performance, using the following prompt: 

Given the following information, provide the title of the Wikipedia page that best answers the last 
question fragment. If unsure, provide your best guess. The answer should be concise. 

Question: {retrieved examples} 
The answer is: {retrieved examples} 

https://arxiv.org/html/2502.19684v1#bib.bib24
https://arxiv.org/html/2502.19684v1#bib.bib11
https://arxiv.org/html/2502.19684v1#bib.bib29
https://arxiv.org/html/2502.19684v1#bib.bib33
https://arxiv.org/html/2502.19684v1#A5.SS1
https://arxiv.org/html/2502.19684v1#bib.bib29
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Question: {each clue} 
The answer is: 

Process for calculating model buzzpoints 

The process for calculating model buzzpoints followed the steps below. 

Given N, the number of clues in the question; and t, the buzz threshold: 

● Let n=0 
● while n<N do 

○ Prompt the model to answer the question, given the first n clues (Appendix E.1). 
○ Compute the model’s confidence c in its top guess by summing the log probabilities 

of the tokens comprising the guess. 
○ if c > t then 

■ Buzz in 
■  break       

○  n += 1 

Algorithm 4.1.7.4.1: Find model buzzpoints for a question 

Assigning buzzer threshold 

We used question data from the 2023 Expo quizbowl competition, where expert players competed 
against ChatGPT as a testbed to assign buzzer threshold. The dataset includes questions covering 
various topics, with recorded buzz and guess correctness. 

We incorporate the explanation from Rodriguez et al. (2019a) to explain how the threshold was set 

for our buzzer. To estimate the probability π⁢(t) that a player has answered correctly by position t, 
the following formula is used: 

 π⁢(t)=1−NtN,  

(2) 

where N is the total number of player-question records, and Nt is the number of instances where a 
player has answered correctly by position t. This equation indicates how likely it is that a player has 
given the correct answer by a certain point in the question. To make this probability easier to use in 
practice, it is approximated with a polynomial function: 

 π⁢(t)=0.0775⁢t−1.278⁢t2+0.5

88⁢t3. 

 
(3) 

This polynomial provides a smooth estimate of how human accuracy changes as the question 
progresses, allowing for a data-driven approach to determining optimal buzz thresholds. Since we also 
want to get the optimal buzzpoints, we adopt a threshold from this study to determine the model 
buzzpoints. The confidence thresholds by model family are: -0.03 for GPT models, and -0.05 for 
Mistral models. 

4.1.7.5 Appendix F: Tournament and Survey 

Recruiting human players 

https://arxiv.org/html/2502.19684v1#A5.SS1
https://arxiv.org/html/2502.19684v1#bib.bib25
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Human teams were recruited by posting a call for players on social media and public forums for 
quizbowl players. To incentivize teams to play as well as possible, the top three teams in each 
tournament were awarded a prize. The prizes were $150, $100, $50 for the first three places at each 
site where the tournament was held. The tournaments were all held in the US and the players were 
also located in the U.S. The consent form is in Table 4. 

https://arxiv.org/html/2502.19684v1#A6.T4
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Welcome to a quick Trivia Quiz! You’ll tackle 37 questions and decide if you’re 
confident enough to buzz. 

After each clue, please write down your best guess even if you’re not sure of the 
answer. 

To track your progress, refer to the progress bar at the top of the page (Please 
disregard the question numbers—they are randomized for fairness). 

Please enter your email address here so we can ensure prizes are sent to the right 
recipients at the end of the quiz. 

We’re giving away 4 raffle prizes (each a $25 gift card) to participants who 
complete the quiz. 

Additionally, the top scorer with the highest accuracy and fastest buzz will receive 
a $5 bonus prize. 

Rewards are determined by a combination of your accuracy and buzzing speed. 

Correct answers receive 0 to 20 points depending on how early you buzz. 
Incorrect answers receive -5 points. 

Good luck and have fun! 

Here is the short summary of what this survey will be used for: 

Project Title 

A Leaderboard and Competition for Human-computer Adversarial Question 
Answering 

Purpose of the Study 

This research is being conducted by xxx at xxx. 

We are inviting you to participate in this research project because you are 
interested in trivia knowledge and enjoy trivia-related games. 

The purpose of this research project is to collect human-generated data and 
responses for building a deployable QA system. 

Procedures 

We would like to use two adversarial datasets to test our approach of determining 
how adversarial the questions are. 

You will provide your best guess and write down your answer in a short form. 

Potential Risks and Discomforts 

There is a risk of breach of confidentiality and that efforts to mitigate this risk 
are described in the Confidentiality section below. 

Potential Benefits 
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While this research is not designed to benefit you personally, we hope that in the 
future, the researchers might benefit from human computer interaction studies 

with investigation of 

question answering behavior and AI development during this study. 

Confidentiality 

Only the investigators (xxx) of this study will have access to the study data. 

Data will be stored on a password-protected web server with encrypted storage. 

The server is professionally managed in a secure access data center. 

After the study ends, only user names associated with e-mail addresses will be 
retained and the associated e-mail addresses will be deleted. 

Right to Withdraw and Questions 

Your participation in this research is completely voluntary. You may choose not 
to take part at all. 

If you decide to participate in this research, you may stop participating at any 
time. 

If you decide not to participate in this study or if you stop participating at any 
time, you will not be penalized or lose any benefits to which you otherwise 
qualify. 

If you decide to stop taking part in the study, if you have questions, concerns, or 
complaints, or if you need to report an injury related to the research, please 
contact 

the investigator: 

xxx 

If you have any questions, please use this address: xxx  
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Table 4.1.7.5.1: Consent form for players. 

Player expertise 

Respondents had an average of 5.5 years of previous experience playing quizbowl. 22% of players had 
studied or were currently studying in the physical sciences or engineering; 31% studied computer 
science or math; 17% studied the humanities; 13% studied a combination of fields; and 17% were 
undecided. Since quizbowl players typically specialize in certain categories and learn more about those 
areas, we also asked them for their areas of specialization. 39.13% of respondents listed the sciences 
as an area of specialization; 21.74% listed history; 39.13% listed the social sciences; 52.17% listed 
literature; 39.13% listed fine arts; and 21.74% listed geography or current events. 

Ranking human performance from survey 

Because the survey measures individual accuracy, without a competition setting, we rank humans using 

the following metric: participants earn (20−20⁢c) points per question with a correct buzz and lose 5 
points per question with an incorrect buzz, where c is the proportion of clues seen at the buzzpoint. 
Human quartiles and top/bottom half categorization based on the offline buzzpoints (for Figures 5 
and 6) are taken from rankings under this metric. 

4.1.7.6 Appendix G: ECE and Brier Score Details 

Expected Calibration Error (ECE) (Naeini et al., 2015; Guo et al., 2017) and Brier scores Brier (1950) 
are widely used metrics for assessing model calibration. Below, we define these metrics using the 
notations introduced in Section 4.1.4: gt represents the answer correctness at clue t (1 if correct, 0 
otherwise, which is slightly different from CalScore for simplicity); ct represents the corresponding 
model’s confidence in its guess. 

ECE 

It measures the weighted average over the absolute difference between accuracy and confidence. To 
compute this, we first split confidence values into M=10 bins equally. Bm represents the confidence 
set of the mth bin. N is the total number of clues across the dataset. 

 ECE=(1/N⁢)∑m=1
M|∑t∈Bmgt−∑t∈Bmct|  

Brier Score 

It measures the mean squared difference between the predicted probability and the actual binary 
outcome, measuring how well the predicted confidence aligns with the true correctness of the answer. 
A lower Brier Score indicates better calibration, as it reflects more accurate and well-calibrated 
probability estimates. 

 Brier 

Score=(1/N)⁢∑t=1
N(ct−gt)

2 

 

 

https://arxiv.org/html/2502.19684v1#S5.F5
https://arxiv.org/html/2502.19684v1#S5.F6
https://arxiv.org/html/2502.19684v1#bib.bib23
https://arxiv.org/html/2502.19684v1#bib.bib8
https://arxiv.org/html/2502.19684v1#bib.bib3
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4.1.7.8 Appendix I: Experiment Details 

We query OpenAI APIs for GPT-4 (gpt-4-0613) and GPT-4o (gpt-4o-2024-08-06) experiments. For 
other experiments, we implement model inference with vLLM Kwon et al. (2023) using Hugging Face 
model names: 

 • meta-llama/Meta-Llama-3.1-8B-Instruct 
 • meta-llama/Meta-Llama-3.1-70B-Instruct 
 • mistralai/Mistral-7B-Instruct-v0.3 
 • meta-llama/Llama-2-70b-chat-hf 

For 7B/8B models, we use 1 NVIDIA RTX A6000 GPU and 32GB of RAM, and processing each 
question takes approximately about 5 seconds. For 70B models, 8 NVIDIA RTX A5000 GPUs and 
64GB of RAM are used, and approximately each question takes 40 seconds. The temperature is set to 
be 0 for all experiments. The metric computation is highly efficient, taking only 5-10 minutes on a 
single CPU for datasets of moderate size. Our metric is a single-run metric that evaluates models based 
on their confidence values. The human-in-the-loop process introduces variability, they are consistent 
with the cost of crafting other common QA datasets. We use NLTK, SpaCy, regex, and PEDANTS 
packages for data pre-processing of the collected buzzpoints. 

4.1.7.9 Appendix J: License Details 

GRACE is licensed under the Creative Commons Attribution 4.0 International License (CC BY 4.0). 
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/ or send a letter 
to Creative Commons, PO Box 1866, Mountain View, CA 94042, USA. When using this dataset, 
please attribute as follows: 

GRACE is licensed under CC BY 4.0. To view a copy of this license, visit 
https://creativecommons.org/licenses/by/4.0/. 

4.1.7.10 Appendix K: CalScore Normalization 

For our CalScore, we apply a normalized sigmoid transformation: 

 CalScore⁢(x)=1−r⁢(𝔼⁢[(1−ht)⁢gt

⁢ct]). 

 

r⁢(x) is a normalized sigmoid function designed to map an expected value from a [-1, 1] range to a 
[0,1] range. 

 r⁢(x)=(σ⁢(x)−σ⁢(−1))/(σ⁢(1)−σ⁢
(−1)), 

 

where 

 σ⁢(x)=1/(1+e−x).  

https://arxiv.org/html/2502.19684v1#bib.bib19
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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4.1.7.11 Appendix L: CalScore analysis by category 

With logit-based CalScore scores, GPT-4o performs best in Arts and Science, while LLaMA-2-70B-
Chat has the highest error in Arts. GPT-4o also excels in History and Literature, whereas LLaMA-2-
70B-Chat struggles most in Literature. 

In verbalized-based CalScore scores, GPT-4o achieves the lowest calibration errors across Arts and 
Science. Meanwhile, Mistral-7B-Instruct and LLaMA-2-70B-Chat show the highest errors in 
Literature, respectively. Verbalized outputs generally show improved calibration compared to logit-
based confidence for Mistral and Llama-3 models. 

Cat
ego
ry 

GPT-4 GPT-4o Mistral-7b-
Instruct 

LLama-2-
70b-Chat 

Llama-3.1-
8B-Instruct 

Llama-3.1-
70B-
Instruct 

Lo
git 

Verb
alized 

Lo
git 

Verb
alized 

Lo
git 

Verb
alized 

Lo
git 

Verb
alized 

Lo
git 

Verb
alized 

Lo
git 

Ver
bali
zed 

Arts 0.6
64
6 

0.564 0.5
94
6 

0.559
2 

0.7
48
9 

0.788
9 

0.8
06
3 

0.721
8 

0.6
62
3 

0.746
6 

0.6
31
7 

0.67
74 

Geo
/C
E 

0.6
18 

0.546
5 

0.6
50
6 

0.579
5 

0.7
19
3 

0.786
4 

0.8
06
7 

0.687
2 

0.6
18
2 

0.685
7 

0.6
30
7 

0.68
19 

Hist
ory 

0.7
09 

0.587
4 

0.6
91 

0.642
1 

0.7
90
4 

0.802
2 

0.8
40
2 

0.747
8 

0.6
84
4 

0.803 0.6
76
4 

0.72
78 

Lite
ratu
re 

0.7
31
5 

0.628 0.7
23
3 

0.673 0.7
71
3 

0.777
3 

0.8
33
2 

0.769
1 

0.6
86
1 

0.794
4 

0.6
93
5 

0.71
62 

RM
PSS 

0.6
67
6 

0.588
8 

0.6
45
6 

0.581
2 

0.8
02
9 

0.812
8 

0.8
51
4 

0.755 0.6
98
2 

0.808
2 

0.6
66
9 

0.70
83 

Scie
nce 

0.5
97
8 

0.558
4 

0.6
01
9 

0.542
5 

0.7
25
6 

0.769
1 

0.7
92 

0.710
3 

0.6
56
7 

0.732
5 

0.5
88
3 

0.59
28 

Table 4.1.7.11.1: Verbalized and logit-based CalScore per category. GPT-4 and GPT-4o, the strongest models, struggle 
with literature and history relative to other categories. Most models are strongest at science. For GPT-4, GPT-4o, and 
Llama-2-70b, logit-based calibration consistently exhibits higher error; for Mistral and the Llama-3 models, verbalized 

calibration exhibits higher error. 

 

 


	Bibliographic Note
	Introduction
	Chapter 1 Learning from Disagreement
	1.1 When the Majority is Wrong: Modeling Annotator Disagreement for Subjective Tasks
	1.1.1 Section Summary
	1.1.2 Introduction
	1.1.3 Motivation and Related Work
	1.1.4 Approach
	1.1.4.1 Individual Rating Prediction Module
	1.1.4.2 Target Group Prediction Module

	1.1.5 Results
	1.1.5.1 Individual Rating Prediction Module
	1.1.5.2 Target Group Prediction Module
	1.1.5.3 Full Model Performance
	1.1.5.2 Ablations

	1.1.6 Conclusion
	1.1.6.1 Limitations and Ethical Considerations


	1.2 The Perspectivist Paradigm Shift: Assumptions and Challenges of Capturing Human Labels
	1.2.1 Section Summary
	1.2.2 Introduction
	1.2.3 The Longstanding Paradigm
	1.2.3.1 What Causes Disagreement?
	1.2.3.2 Practical Challenges under the Longstanding Paradigm
	1.2.3.3 Normative Challenges


	1.2.4 The Perspectivist Turn
	1.2.4.1 Rethinking Causes of Disagreement
	1.2.4.2 Emerging Practical Challenges
	1.2.4.3 Emerging Normative Challenges

	1.2.4 Recommendations for Practical Challenges
	1.2.5 Recommendations for Normative Challenges
	1.2.6 Conclusion
	Limitations and Ethical Considerations

	Chapter 2 Language Model Evaluation as an Election
	2.1 Mapping Social Choice Theory to RLHF
	2.1.1 Section Summary
	2.1.2 Introduction and Related Work
	2.1.3 Learning Problems: Preference Modeling and Social Choice
	2.1.3.1 Defining the (Preference Modeling) Voting Rule

	2.1.4 Evaluating the (Preference Modeling) Voting Rule
	2.1.4.1 Perspective 1: Generalization
	2.1.4.2 Perspective 2: Axiomatic Characterizations
	2.1.4.3 Perspective 3: Distortion

	2.1.5 Discussion

	2.2 Leaderboard Hacking: Preference-Based Model Evaluations are Vulnerable to Manipulation
	2.2.1 Section Summary
	2.2.2 Introduction
	2.2.3 Background and Related Work
	2.2.4 Methods
	2.2.4.1 Strategic Voting
	2.7.4.2 Strategic Nomination
	2.2.4.3 Strategic Prompting

	2.2.5 Results
	2.2.5.1 Strategic Voting
	2.2.5.2 Strategic Nomination
	2.2.5.3 Strategic Prompting
	2.2.5.4 Combined Nomination and Prompt Attacks
	2.2.5.5 Factors Contributing to Ease of Manipulation

	2.2.6 Attack Feasibility
	2.2.7 Leaderboard Defenses
	2.2.7.1 Harmonic Bradley-Terry Objective

	2.2.8 Conclusion


	Chapter 3 Putting “Language” in Language Model Evaluation
	3.1 Linguistic Bias in ChatGPT: Language Models Reinforce Dialect Discrimination
	3.1.1 Section Summary
	3.1.2 Introduction
	3.1.3 Related Work
	3.1.4 Approach
	3.1.4.1 Overview of studies

	3.1.5 Study 1: Assessing linguistic features of default responses
	3.1.5.1 Results

	3.1.6 Study 2: Native speaker evaluation of output disparities
	3.1.6.1 Results
	3.1.6.2 Qualitative Native Speaker Feedback

	3.1.7 Discussion & Conclusion
	3.1.7.1 Limitations and Ethical Considerations


	3.2 Identity and personality in the social perception of synthesized voices: perceptions of OpenAI’s text-to-speech technology
	3.2.1 Introduction
	3.2.1.1 Background: perception of human and AI voices

	3.2.2 Methods
	3.2.2.1 Perception experiment
	3.2.2.2 Acoustic analysis
	3.2.2.3 Voice use cases

	3.2.3 Results
	3.2.3.1 Perceived gender, age, and region
	3.2.3.2 Perceived race/ethnicity
	3.2.3.3 Perceived personality traits

	3.2.4 Discussion
	3.2.5 Conclusion


	Chapter 4 Deployment to the Real World
	4.1 GRACE: A Granular Benchmark for Evaluating Model Calibration Against Human Calibration
	4.1.1 Introduction
	4.1.2 Preliminaries
	4.1.3 GRACE: Dataset Development
	4.1.3.1 Question writing process
	4.1.3.2 Collecting human–model buzzpoints
	4.1.3.2.1 Offline human and model buzzpoints
	4.1.3.2.2 Human buzzpoints, live competition


	4.1.4 Human-Grounded Calibration Evaluation
	4.1.4.1 Human-grounded metric: CalScore
	4.1.4.2 Unadjusted model calibration error
	4.1.4.3 Human-adjusted calibration error

	4.1.5 Model Calibration Evaluation
	4.1.5.1 Comparing human and model calibration
	4.1.5.2 CalScore analysis
	5.3 Qualitative analysis and model errors

	4.1.6 Conclusion
	4.1.6.1 Limitations



	Conclusion
	Bibliography
	Appendices
	1.1.7 Appendix to Section 1.1
	1.1.7.1 Appendix A: Input Formatting
	1.1.7.2 Appendix B: Further Model and Dataset Details
	1.1.7.3 Appendix C: Result Details

	2.1.6 Appendix to Section 2.1: Additional Related Work
	2.2.9 Appendix to Section 2.2
	2.2.9.1 Appendix A: Supporting Results
	2.2.9.2 Appendix B: Live model identification
	2.2.9.3 Appendix C: Factors Influencing Ease of Movement
	2.2.9.4 Appendix D: Scaling Experiments
	2.2.9.5 Appendix E: Strategic Prompting with New Subcategories

	3.1.8 Section Appendices
	3.1.8.1 Appendix A: Additional Details on Feature Annotation
	3.1.8.2 Appendix B: Annotation guides for linguistic features
	3.1.8.3 Appendix C: GPT-3.5/4 system prompts
	3.1.8.4 Appendix D: Additional Details on Data Collection

	3.2.6 Appendix to Section 3.2: Result details
	3.3.1 Appendix to Section 3.3
	4.1.7 Appendix to Section 4.1
	4.1.7.1 Appendix A: Ethical Considerations
	4.1.7.2 Appendix B: Dataset Details
	4.1.7.3 Appendix C: Dataset Comparison for Adversarialness
	4.1.7.4 Appendix D: Interface
	4.1.7.5 Appendix E: Model Buzzpoint Generation
	4.1.7.5 Appendix F: Tournament and Survey
	4.1.7.6 Appendix G: ECE and Brier Score Details
	4.1.7.8 Appendix I: Experiment Details
	4.1.7.9 Appendix J: License Details
	4.1.7.10 Appendix K: CalScore Normalization
	4.1.7.11 Appendix L: CalScore analysis by category





