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Language models (LMs) can be enormously helpful, but risk exacerbating societal harms. My 
research area is responsible natural language processing, focused on mitigating and evaluating 
societal dangers from language models. To do so, I build models that serve complex distributions of 
users with varied needs, intervening during training, evaluation, and deployment. 

As language model usage increases exponentially, we face two visions of the future: one in which 
language models empower users, and one in which they disempower them. LMs increase access to 
information, but can spread misinformation via confidently wrong responses and facilitate 
student cheating on assignments [1, 2, 3]. They help answer research and personal questions, but 
can be so prone to agreeing with users that they fatally reinforce delusions [4, 5, 6]. And the same 
technology that can simplify bureaucracy and bridge language gaps, also cements discrimination 
based on factors like language use and race [7, 8]. With the spotlight on language models’ 
increasing effect on society, we face the enormous challenge of ensuring that language models 
benefit their users. 

To make NLP systems reliable, safe, and fair for real-world usage, we must tackle difficult technical 
and ethical problems during training, evaluation, and deployment. My research aims to address 
these challenges. First, because LM users have diverse needs, ensuring language models are 
beneficial overall requires training models that serve very different users. But current pipelines 
often ignore user-specific needs and expertise, exacerbating potential harms. I build NLP 
systems that leverage disagreement to work for entire populations of users (§1). After 
training, we must then accurately evaluate complex harms and mitigate them. I design rigorous 
evaluations to extricate challenging, hard-to-measure harms from modern LMs (§2). 
Finally, societal harms after models are deployed often stem from broader limitations of current 
models, such as miscalibrated confidence. I address core technical failures of LMs to reduce 
downstream deployment risks and strengthen the technical basis for better language models 
overall (§3). A core theme of my work is that ethical and technical aspects of NLP are intertwined: 
by solving technical problems, we help to mitigate ethical risks; by addressing real-world dangers 
like misleading or discriminatory responses, we surface underlying issues in the technology. 

1​ Training: Serving diverse user distributions. What happens when models must serve 
entire populations of users? In longstanding LM training pipelines, differences in user preferences 
were treated as noise, not signal; data labels aggregated across annotators were used to 
approximate a ground truth. But emerging core techniques often capture individual opinions that 
vary widely, such as in reinforcement learning from human feedback; and increasingly crucial 
tasks are often highly subjective, such as safety filtering and content moderation. Without 
capturing that disagreement, we miss a crucial source of signal needed to serve a varied 
distribution of users. For example, on a content moderation task where only some annotators have 
the expertise to recognize a harm (e.g., political hate speech specific to one country), an aggregate 
label across all annotators might label that content as harmless, but knowing that a group of 
relevant experts does find it harmful gives much better signal. This can become an extremely 
high-stakes problem: on Facebook, the scarcity of local moderators, and the low accuracy of 
general-purpose AI content filters on countries for which few annotators have expertise, led to the 
proliferation of political hate speech in Ethiopia and Burma, feeding real-world violence [9]. It is 

 



 

also a difficult technical problem: when annotators disagree, we lose the notion of a single, explicit 
ground truth label, which requires us to fundamentally revise 
models’ learning objectives. 

When aggregate ground-truth labels for a task are suspect, how 
can we improve model performance for all users, and measure 
progress on that task? First, I examined how to capture these 
cases of informative disagreement with the majority by 
accurately modeling individual labelers’ opinions [Fleisig et al., 
2023a; Jaggi et al., 2024]. I first trained models to predict 
individual rather than aggregate opinions (instead of predicting 
the label for a data point, predict each annotator’s label for it). ​
We do so by training per-annotator embeddings or by including information about the annotator 
in the model’s context. Then, I used these individual labels to provide a range of more informative 
predictions for downstream decisions: e.g., identifying when a subgroup (experts on a topic, 
targets of hate speech) disagrees with the majority, reweighting labels to get a demographically 
representative aggregate vote, or estimating uncertainty based on variance between annotators. 

Second, if there is no factual ground truth, but instead widespread disagreement among users, 
how do we measure if one model is better for its population of users than another model? To build 
better models when we cannot rely on single ground-truth labels, I leverage connections with a 
wide range of ideas within CS, from theoretical to practical. Social choice theory analyzes voting 
rules to set desiderata for processes with no “ground truth” optimum (e.g. aggregating votes to 
fairly elect a candidate). Preference learning also aims to democratically improve model behavior, 
but the candidates are now model responses. In Dai & Fleisig, 2024, I redefined the social choice 
problem for preference learning, then translated key desiderata from social choice theory on what 
makes a voting process “good.” For example, without a ground-truth “best” option in a set of 
alternatives S, we can still argue that if A ∈ S beats every other B ∈ S head-to-head, A should win 
overall (the Condorcet criterion). Translating to preference learning: given a set of candidate 
responses S to a given prompt, if A ∈ S is preferred head-to-head over any other B ∈ S, then the 
trained model should assign A the highest likelihood in S. We can tighten or relax this criterion by 
parametrizing it based on the probability gap between A and each B ∈ S, a useful metric for 
comparing how well models satisfy this property. I proposed preference learning analogues of 
several social choice axioms, and a variant of distortion, capturing the worst-case utility gap 
between the ideal outcome and the one learned by the model, to capture issues like preferences 
distorted by cognitive biases. The introduced metrics serve to evaluate model performance 
without a single ground truth. These issues also raise sociotechnical concerns, which I outlined in 
a set of frameworks and recommendations for learning from disagreement [Fleisig et al., 2024]. My 
early work has been particularly central to the growth of this area, which has since expanded into 
workshops on topics such as annotator disagreement and pluralistic alignment. 

Moving forward, this line of work lets us address the issue that preference learning algorithms 
often fail to fully incorporate a set of requested preferences into our models, instead learning 
spurious heuristics such as increasing response length [14, 15]. If only some preferences are 
learned, what are the downstream consequences? By studying which preferences are learned and 

https://arxiv.org/pdf/2305.06626
https://arxiv.org/pdf/2305.06626
https://aclanthology.org/2024.emnlp-main.1221/
https://arxiv.org/pdf/2404.13038
https://aclanthology.org/2024.naacl-long.126.pdf
https://nlperspectives.di.unito.it/
https://pluralistic-alignment.github.io/


 

why, we can develop better alternatives, e.g. by modifying RLHF objectives to facilitate preference 
learning when users disagree. In this area, my long-term 
research agenda is to design models that meet all users’ needs 
when those needs are high-dimensional and user-specific. 

2​ Evaluation: Measuring complex harms affecting 
varied users. In machine learning, evaluation bottlenecks often 
become progress bottlenecks. Much of machine learning 
progress has centered around optimizing on benchmarks, but 
inversely, we struggle to advance on anything that benchmarks 
do not cover. Concerningly, previous work raised alarms at the 
inadequacy of benchmarks for a key concern: potential LM 
harms such as stereotyping or discrimination [10]. If we don’t 
know how to measure these harms, how can we fix them? 

To address this, I build rigorous evaluations for language model 
harms. The challenge is that LMs produce increasingly 
sophisticated, contextually dependent harms that are hard to 
capture. I developed FairPrism, a framework and dataset for 
diagnosing harms such as stereotyping or demeaning users [Fleisig et al., 2023b]. FairPrism 
captures widespread issues that had been overlooked; e.g., some model responses seem innocuous 
until viewed in context, or exacerbate stereotyping by adding false evidence. FairPrism’s level of 
detail, which required careful curation using model- and crowdworker-based filtering, permits 
more granular analysis than a single benchmark score; for example, users can check if a model 
exhibits specific types of harm, or if a content filter has weaknesses on a specific demographic. 
This large-scale project highlighted the difficulty of collecting high-quality crowdsourced data, so I 
then studied how to refine crowdsourced data collection based on MTurk workers’ own 
experiences. I found that MTurk workers often lie about their demographics due to privacy 
concerns and have strong opinions on issues such as fair quality filtering, often at odds with 
received wisdom in NLP; as a result, I proposed best practices for issues such as payment, quality 
checks, and considering worker incentives [Huang et al., 2023 - EMNLP Outstanding Paper]. 

LMs introduce a further challenge: language itself  becomes an axis of discrimination. Disparate 
treatment based on features like dialect and accent allows harms to fly under the radar. I found 
that people ascribe consistent demographic personas and matching stereotypes to text-to-speech 
voices (despite no such marketing); e.g., a voice heard as older and feminine was rated as less 
competent, and those heard as older, masculine, and Black were rated as unfriendly [Fleisig et al., 
2025]. Moreover, the voices’ GitHub use cases entrench those stereotypes: e.g., the voice most 
often heard as feminine and Black was used for teaching tools and adult content generation. I also 
found that models like ChatGPT reinforce discrimination based on the user’s dialect, often 
replying with either exaggerated dialect features or condescendingly formal responses [Fleisig et 
al., 2024]. This work has been picked up both within and outside computer science; reported on in 
Nature; and cited across over 10 disciplines, from education to immunology [11, 12, 13]. 

Now that LM use is more widespread, I plan to expand my work on capturing societal impacts of 
language models to evaluate the long-term effects of LMs on their users. By analyzing longitudinal 
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and larger-scale usage data, we can understand when and how long-term language model use 
affects users’ worldviews, and whether content is served in discriminatory ways to populations of 
different backgrounds. Here, my long-term research agenda is to use longitudinal, large-scale 
harm evaluation to ground language model improvements in measurable real-world impact. 

3​ Deployment: Addressing model development issues to reduce downstream harms. 
When models are used by real-world communities, issues such as misuse and misinformation 
arise due to weaknesses in language model design. LMs are often confidently wrong; to help 
address this issue, I worked on creating GRACE, a framework for evaluating confidence calibration 
uniquely grounded in human performance on the same task [Sung*, Fleisig*, et al., 2025]. We 
leveraged a confidence calibration task that humans already do: a trivia format using long 
questions with increasingly easy clues that players compete to answer first, gauging when they are 
confident enough to answer. We trained models to compete with humans and collected live 
competition data, permitting granular model-human calibration comparison based on the speed, 
accuracy, and confidence of responses. GRACE reveals that language models are more accurate but 
worse calibrated than humans: unlike LMs, people tend to “know what they know.” This 
framework also helps to improve adversarial datasets [Sung et al., 2024 - NAACL Outstanding 
Paper]. In addition, I worked on Ghostbuster, an AI-generated text detector that helps to catch 
issues such as students using AI to ghostwrite assignments or news stories generated with AI 
[Verma et al., 2024]. To do so, Ghostbuster introduces novel search techniques to detect 
AI-generated text. To mitigate ethical risks of misclassifying genuine work as AI-generated, 
Ghostbuster emphasizes robustness through evaluation on non-native English speakers’ text and 
lightly edited AI-generated text. Ghostbuster was state-of-the-art when released, outperforming 
commercial closed-source models, and its demo website has over 500,000 hits. 

Moving forward, I aim to examine the effects on overall human-AI performance when people 
collaborate with LMs in practice. For example, when models are used by human experts, such as 
doctors or lawyers making crucial decisions in their fields, how can we adjust language model 
confidence to account for their relative expertise? In ongoing work, I’m examining how people 
with different levels of expertise across domains collaborate with language models to answer 
questions, and whether people can be misled by confidently wrong explanations despite knowing 
the correct answer. My long-term agenda in this area is to design processes by which human-AI 
collaboration in high-stakes settings solves users’ problems, rather than creating new ones. 

 Despite increasing concern over making LMs work for users with different needs, there are still 
further issues to ameliorate—issues that only become more pressing as LMs are used in an 
increasing range of complex settings. In future research, I aim to address these challenges: training 
models that meet different users’ needs, evaluating complex harms to ground LM improvements 
in measurable real-world impact, and improving human-AI collaboration in high-stakes 
deployment settings. For each direction, I plan to collaborate broadly with researchers interested 
in NLP, AI ethics/fairness, and ML evaluation, to continue building language models that account 
for users’ diverse needs. 
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