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Natural language processing (NLP) enables computers to understand and interact with

human language, and it is increasingly deployed in Artificial Intelligence (AI) applications like

chatbots and voice-operated GPS systems. Although NLP models often claim super-human

performance in these services, the models often struggle to handle the complexity and variability

of real-world data. They typically lack the flexibility in handling vagueness and understanding

different contexts as users expect, which limits their reliability in assisting or collaborating with

humans in daily lives. This unreliability often stems from models being evaluated primarily on

narrow metrics and benchmarks that do not capture the complexities of real-world interactions.

As a result, these systems may perform well under controlled conditions but fail in open-ended,



ambiguous, or dynamically shifting situations. To address this limitation, it is essential to develop

robust evaluation methods and prioritize AI trustworthiness before deployment. Thus, this dis-

sertation introduces a set of human-grounded frameworks that incorporate human input—user

responses, annotations, or human-created artifacts—to evaluate and enhance the robustness and

trustworthiness of AI systems in real-world deployment settings.

We begin by examining human-grounded approaches that enhance the evaluation method-

ologies of NLP systems. First, it enriches benchmark datasets with human inputs. It supports the

design of benchmark examples that reflect real user queries, increasing realism. Second, it allows

us to measure human baseline performance on a specific task—capturing their skill level—which

facilitates direct comparison with the model’s performance. Third, it includes subjective human

judgments from the real-world users, capturing diverse user interpretations of NLP tasks. These

dimensions are often overlooked in automated evaluation. Moreover, human-grounded methods

can integrate user standards and values directly into the model development process as a reference

point to understand model’s intended use from a user perspective. For example, incorporating

human-designed criteria that resonate with human standards helps to refine and guide the erroneous

model behaviors. When models fail, these methods can promote interpretability, allowing users to

understand the cause of failures and offer tailored suggestions. Importantly, as models respond to

users’ suggestions, such dynamic interaction forms a feedback loop: users guide the model, and

the model, in turn, refines its outputs based on that user input. Rooted in user norms and values,

this loop not only improves model performance but also enhances transparency and controllability

by facilitating continuous adjustment between human and machine.

Building on the premise that human-grounded evaluation is essential for user-centric NLP

systems, the first two chapters of this dissertation introduce pipelines and metrics to generate



challenging benchmark datasets that better reflect real-world complexity. The first chapter intro-

duces a human-in-the-loop (HITL) metric that quantifies the adversarial robustness—how

consistently the examples are more difficult for models than humans—of a benchmark. The

proposed metric goes beyond standard accuracy or F1 scores by incorporating measures of human

difficulty, example ambiguity, and response diversity, thereby capturing aspects of task realism

and user perception that are often overlooked in conventional benchmarks. In this measurement

process, we account for varying skill levels across expert humans and models while ensuring

benchmark examples are well-posed. This metric offers a practical way to track benchmark ro-

bustness over time. The second chapter introduces another pipeline to create challenging artifacts

that capture natural adversarialness, directly reflecting real-world tasks that are inherently

difficult and subjective for models, and even for humans. We designed an annotation scheme

that effectively elicits real-world user subjective judgments as labels for training and evaluation.

Contemporary model results show a critical gap between the current model capabilities and

real-world performance demands.

Expanding beyond robustness evaluation via challenging benchmarks, the final two chapters

turn to evaluation of how trustworthy the model is; we focus on model calibration and inter-

pretability. The third chapter aims to tackle human mistrust in AI models by evaluating how well

NLP models are calibrated compared to humans, using both humans and models’ confi-

dence response data. We propose a HITL benchmark creation pipeline and metric designed to

evaluate models’ correctness and confidence accounting for human performance. The models

were generally more overconfident when they were incorrect, in contrast to humans. Finally,

the fourth chapter introduces a user-grounded evaluation framework of multi-agent systems.

This enables a granular, user-informed assessment based on user-defined standards, and



thereby enhances the transparency and diagnostic clarity of agent behaviors. This framework can

make agent failures interpretable and provide actionable feedback for users, encouraging a more

controllable and trustworthy interaction.

In sum, these works take an integrated approach to human-grounded evaluation and devel-

opment of NLP systems. It centers on creating challenging and naturally adversarial datasets,

and proposes user-informed metrics and methods to measure model limitations. They contribute

to the advancement of more robust, trustworthy, and interpretable language technologies, which

ultimately can lead to better alignment with human needs.
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Chapter 1: Introduction

1.1 Motivation

Since the release of ChatGPT in 2022, large language models (LLMs) have been widely

adopted in various AI applications (OpenAI, 2023): service chatbots (Graham et al., 2025), virtual

assistants (Tetteh et al., 2025), and voice-based navigation systems (Akanfe et al., 2025). This

trend flourished through 2025, as tasks previously performed by humans have been increasingly

delegated—or even entirely replaced by—to AI models (Zhuang, 2025). As a result, AI models are

more deeply embedded into daily human communications and lifestyles (Brandtzaeg et al., 2025).

However, in practice, they fail to cope with the complexity (Ma et al., 2021a), ambiguity (Min et al.,

2022), and variability inherent in human language and interaction (Bowman and Dahl, 2021a). On

the other hand, benchmark datasets often indicate that LLMs outperform human baselines; high

performance on these datasets do not always guarantee effectiveness in real-world applications.

This growing disconnect between benchmark success and real-world utility underscores the need

for more robust evaluation methods. These methods should not only target accuracy, but also

ensure aligning with human expectations and practical end-user demands.

One typical approach to building robust evaluation methods is to develop challenging

adversarial datasets: datasets composed of challenging artifacts that reveal model weaknesses.

These datasets are carefully designed to test model capabilities before it is deployed, thereby
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improving its robustness in real-world applications. These datasets include examples that simulate

unexpected and challenging situations for models, including examples that elicit harmful (Perez

et al., 2022), unsafe (Quaye et al., 2024), or incorrect (Goodfellow et al., 2015) outputs.

Among these adversarial datasets, we first focus on creating adversarial examples that

humans can easily solve but that models cannot, due to fundamental discrepancies in reasoning,

contextual understanding, or commonsense inference (Ilyas et al., 2019; Tsipras et al., 2019;

Engstrom et al., 2020; Biggio et al., 2012). These types of examples help isolate human and

model differences, revealing critical failure modes of models. Additionally, as LLMs advance

rapidly, many previous challenging adversarial datasets have become obsolete. Tasks that once

revealed failure cases for models are now easily solved (Kiela et al., 2021; Recht et al., 2019;

Bowman and Dahl, 2021a). A significant challenge in this space is the lack of principled methods

for determining when adversarial datasets become outdated, as well as absence of a standardized

metric for assessing which datasets best reveal the persistent gap between human and model

performance. In response to these challenges, Chapter 3 of this dissertation thus explores how to

evaluate and design challenging human-grounded datasets that can remain meaningful over time,

by reflecting realistic human language and human performance. By grounding dataset difficulty

in human likelihood and baseline ability, and targeting scenarios that are consistently difficult

for humans while solvable for humans, we aim to avoid premature saturation of the adversarial

benchmarks.

Another type of adversarialness we target is the naturally-adversarial datasets that emerges

organically in real-world settings—what we refer to as natural adversarialness. Unlike syntheti-

cally constructed adversarial examples, these cases reflect genuine challenges users face when

interacting with AI: implicit assumptions, underspecified intent, or context-sensitive interpreta-
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tions. Traditional benchmarks typically overlook this kind of difficulty, favoring clearly defined

tasks with singular answers and low ambiguity. This gap motivates a shift toward incorporating

human subjectivity into evaluation, capturing the diversity of human judgments, disagreement

patterns, and real usage contexts. In Chapter 4 discusses solving a high-stake task that grounds

evaluation in how people naturally interpret, question, and disagree over language. This way, we

can better assess whether models are prepared for the complexity of real-world applications and

guide the development of systems that are adaptive.

Furthermore, as LLMs are increasingly integrated into high-stakes applications, the lack of

robust evaluation measures often forces users to interact with models that are not yet sufficiently

reliable (Caruana, 2019; Deng et al., 2025). One of the challenges in addressing the issue lies

in effectively evaluating and improving model trustworthiness, especially when their behaviors

significantly deviate from human expectations (Ilia and Aziz, 2024). A major concern in this

context is users’ tendency to overtrust AI systems due to model’s miscalibrated confidence. Users

frequently interpret high model confidence as an indicator of high accuracy (Krause et al., 2023;

Stengel-Eskin and Van Durme, 2023; Liu et al., 2024b; Si et al., 2023) even though LLMs are

often overconfident in incorrect predictions—particularly in ways that humans are not. This

overconfidence creates a mismatch between perceived and actual model performance, leaving

users unprepared (Li et al., 2024a). To tackle this challenge, Chapter 5 of this dissertation

proposes human-centered methods to create a benchmark dataset and a metric that compare model

confidence to human confidence judgments, aiming to identify and mitigate overconfidence in

LLMs and ultimately enhance their trustworthiness in real-world decision-making scenarios.

These trust-related issues are even more acute in multi-agent systems. While these sys-

tems may seem to solve complex problems (Xi et al., 2025; Wang et al., 2024a), they remain
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vulnerable to reasoning failures (LangChain, 2013; Arawjo et al., 2024) and brittleness in the

real-world (Sumers et al., 2023; Jaeger et al., 2013). Such systems often produce outputs that

deviate from human expectations, requiring human intervention to detect and correct agent-level

errors. However, providing user feedback is difficult in multi-agent systems where reasoning

processes are often opaque and divergent from intuitive human logic (Wang et al., 2023b). Fur-

thermore, limited interpretability—especially when reasoning steps are entangled in the system’s

final output (Cheng et al., 2024)—hinders users from diagnosing failures or offering actionable

corrections (Grunde-McLaughlin et al., 2025a). This will eventually undermine the human-AI

trust, which is essential for collaboration and task success. Given these limitations, Chapter 6

of this dissertation aims to advance model trustworthiness from a human-centered perspective,

supporting interpretable evaluation and aligning with end-user needs.

1.2 Roadmap: Human-Grounded Approaches for Robust AI Evaluation

This dissertation outlines directions for developing robust AI evaluation methodologies

with human-grounded approach. In Chapter 2, we elaborate the background and motivations

of human-grounded AI evaluation, including the needs for human skills and diversity, human

subjectivity, and user values. We also expand on prior works and theoretical background, such as

item response theory and calibration-based evaluation methods, to provide a clearer understanding

of how our proposed approach addresses existing gaps in the literature. Then, we discuss the

pipelines for effectively creating two types of adversarial benchmarks that can evaluate models

(Chapter 3 and Chapter 4). Followingly, we discuss how we can build evaluation human-grounded

evaluation methods that support AI-user trust (Chapter 5 and Chapter 6). We argue that human
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input and feedback are indispensable for bridging the gap between a model evaluation and real-

world performance. This dissertation contributes to the development of more robust assessment

pipelines and guide the design of AI systems that better serves human expectations and user needs.

1.2.1 Background Roadmap

We begin by outlining LLMs’ core applications as well as their limitations in real-world

deployment, and highlighting the shortcomings of existing automated evaluation metrics in

capturing human-centered performance dimensions (§ 2.1). We then examine the evolution of

human-in-the-loop (HITL) evaluation frameworks, with particular emphasis on integrating skills

and benchmarking model outputs against human performance standards (§ 2.2). We use item

response theory (Lalor et al., 2016, IRT), which provides a psychometric foundation for modeling

human and model performance jointly by capturing task difficulty and respondent ability, allowing

us to better characterize where models succeed or fail relative to human baselines (§ 2.2.2.1). Next,

we discuss the importance of human subjectivity in evaluating real-world adaptability, showing

how subjective annotations, disagreement patterns, and nuanced judgments contribute to richer and

more realistic evaluations—especially in complex tasks like misleading video headline detection

(§ 2.3). We then discuss model calibration literature, which is a concept to assess how well a

model’s confidence scores reflect the actual correctness of its predictions, which is crucial for

interpretability, reliability, and deployment in user-facing applications (§ 2.1.2). We also review

recent advances in multi-agent systems and explore how user values embedded within agentic

interactions can foster more interpretable and trustworthy NLP evaluation strategies (§ 2.4). Having

presented the background, the subsequent four chapters of this dissertation aims to achieve two
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overarching goals: the creation of challenging, human-grounded benchmarks and the development

of trustworthy, human-aligned AI systems. Together, these chapters demonstrate how integrating

human-grounded signals at multiple levels—data, metrics, and interaction framework—can drive

the development of more robust and responsible NLP systems.

1.2.2 Pipelines for Challenging Benchmark Creation

A robust evaluation pipeline should thoroughly assess model vulnerabilities to prepare

systems for the diverse and unexpected inputs encountered in real-world settings. Although

current evaluation methods typically rely on challenging benchmarks or leaderboard performance,

many existing datasets lack rigorous quality control and do not accurately reflect the nuances of

real human input. For example, a generative QA model may excel on traditional benchmarks but

struggle when faced with human-written questions like “Very thin layers of this substance that look

like oil spills are nicknamed for grease,” incorrectly answering “graphene” when the correct answer

is ice—a clear distinction that is evident to skilled human respondents. Moreover, automated

adversarial generation pipelines, when designed without human input, are likely to produce

examples that rely on superficial noise or syntactic perturbations. These artificial adversaries may

not reveal true model limitations, and instead lead to misleading evaluations.

To address this, in Chapter 3, we explore the adversarial robustness by collecting human-

authored examples using HITL framework and quantifying the gap between human and model

performance in terms of their respective skills. This way, we can conduct a more realistic

assessment of benchmark difficulty by directly comparing model vulnerabilities with human

capabilities on prompts that reflect authentic, real-world usage. We intentionally invite expert
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writers to directly craft adversarial examples with model responses. We provide an interface

that renders immediate model responses so that experts can iteratively refine their prompts to

expose model weaknesses while ensuring the examples remain plausible and representative of

real-user queries. Importantly, collecting human answers enables measuring the gap between

human and model performance, which can then be used to quantify adversarialness—defined as

examples that are clear for humans but difficult for models. We apply this idea by collecting

both human and model responses and using item response theory (Lalor et al., 2016, IRT) to

measure the difficulty gap relative to their abilities, while also penalizing ambiguity inferred from

their responses. We propose a new metric that captures these human-grounded characteristics

and measure its application through a benchmark constructed via expert-authored adversarial

generation.

Then, in Chapter 4, the benchmark creation is extended to a practical and high-stakes task:

detecting misleading video headlines in the context of misinformation. This task reflects real-

world complexity and subjectivity, making it well-suited for adversarial evaluation. In this

setting, human subjective judgments reveal naturally adversarial cases that expose current models’

weaknesses. We develop a hierarchical annotation framework to capture the subjective judgments

of human annotators. The resulting benchmark provides insight into model robustness under

real-world conditions and highlights performance gaps in handling subjectivity and ambiguity.

We argue that grounding adversarial benchmark construction in human judgment ensures a

more faithful evaluation of whether models are sufficiently reliable to be deployed in high-stake

scenarios.
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1.2.3 Evaluation Frameworks for Trustworthy AI

Chapters 5 and 6 shift focus to the development of human-grounded evaluation frameworks

that assess and improve the trustworthiness of AI systems in interactive settings. In Chapter 5, to

identify points of divergence between human and model expectations, often leading to human’s

mistrust in models, we evaluate model calibration by comparing their confidence levels,

correctness, and abstention behaviors. This allows us to better understand how and when

models misrepresent their certainty relative to human judgment. Specifically, we investigate model

calibration, which is a key aspect of user trust. Users often rely on model confidence scores,

expecting that high-confidence outputs are more likely to be correct. However, prior work has

shown that LLMs tend to be overconfident, especially when they are wrong (Li et al., 2024a).

To evaluate this systematically, we introduce a human-AI calibration benchmark designed as a

competition between models and human experts, using progressively adversarial examples—each

crafted to be incrementally more easier and solvable for the model. In addition to collecting

answers, we infer human confidence levels using response latency as a proxy. This benchmark

includes detailed annotations of correctness, confidence, and abstention behaviors for both humans

and models. Specifically, we analyze the rate at which each subject abstains from answering

and investigate how this abstention correlates with their overall correctness. Using this data, we

propose a new metric that evaluates LLM calibration by directly comparing model predictions

to human confidence-adjusted baselines. Our findings reveal a consistent trend: models exhibit

significantly higher overconfidence than humans, particularly when incorrect, posing a risk in

high-stakes decision-making scenarios.

Moreover, in Chapter 6, to support trust recovery in AI models, we propose a user-grounded
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evaluation framework that incorporates user values and standards to uncover model limitations

and thereby enables an interpretable feedback mechanism, making model failures understandable

to users. In this work, we aim to improve trust and interpretability in multi-agent systems, where

reasoning steps are often opaque and distributed across agents. We propose a user-grounded

framework that evaluates individual agent outputs based on user-designed criteria for the

given task. Then, using human binary annotations for each agent failure, we train an external

predictor that assesses each agent’s failure, incorporating features such as planner structure, per-

agent uncertainty scores, and agents’ alignment with user criteria. This granular, user-centered

evaluation enables identification of agent-level errors that traditional system-level evaluation

would overlook. Moreover, it provides intuitive and actionable feedback to users, supporting trust

calibration and error mitigation in complex AI systems.

Finally, Chapter 7.1 concludes the dissertation by reiterating the critical role of human-

grounded evaluation and development in aligning NLP technologies with real-world user needs.

Through the integration of human perspectives in both benchmark design and model assessment,

this work contributes to the creation of more robust, trustworthy, and interpretable AI systems,

which are better equipped to function reliably in practical, everyday contexts.
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Chapter 2: Background

This chapter provides background information on topics relevant to the dissertation. We

first review the applications of LLMs and their limitations in real-world deployment, and the

shortcomings of existing automated evaluation metrics (§ 2.1). We then discuss how HITL

frameworks have evolved to enhance NLP evaluation, with a focus on integrating human skills

and benchmarking model performance against human expertise (§ 2.2). Next, we explore the role

of human subjectivity in evaluating real-world adaptability, including how subjective annotations

and nuanced judgments can inform evaluation in complex tasks such as misleading video headline

detection(§ 2.3). Finally, we review recent work on multi-agent systems and examine how user

values embedded in agentic system development can support more interpretable and trustworthy

system evaluation (§ 2.4).

2.1 Challenges in AI Evaluation and Applications

2.1.1 Capabilities and Limitations of LLMs in Real-World Applications

LLMs have shown remarkable capabilities across a wide range of natural language process-

ing tasks, including retrieval, entailment, reasoning, and comprehension, enabling applications in

essay composition, code generation, financial reporting, and journalism (Touvron et al.; Chowdh-
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ery et al.; Brown et al., 2020). A key factor behind this success is their ability to perform zero-shot

and few-shot learning by conditioning on instructions or a handful of examples (Wang et al.,

2023a). Through prompting (Liu et al., 2023b), where an input x is reformulated into a textual

prompt x′ and completed by the model to produce an output x̂, LLMs can adapt to novel tasks

without the need for extensive labeled data (Hofstätter et al., 2023). Despite their promise, however,

several critical challenges complicate their practical deployment. Hallucination remains a major

concern, particularly in high-stakes domains like healthcare and software engineering, where

fabricated facts or subtle bugs can lead to serious consequences (Ji et al., 2023b; Liu et al., 2024a).

Additionally, when user queries span multiple domains, LLMs often struggle with domain-specific

reasoning, resulting in vague or inaccurate outputs (Wang et al., 2024b). This issue is especially

problematic in open-domain QA systems that rely on external retrieval sources such as Wikipedia,

where model-generated misinformation can further degrade quality (Goldstein et al., 2023). Even

in tasks requiring logical reasoning or entailment, LLMs can produce false but convincing outputs,

misleading users with overconfident and incorrect inferences (Ji et al., 2023a). These limitations

can often be traced back to the lack of high-quality, diverse, and human-like benchmark datasets

that truly capture the complexity of real-world language use (McIntosh et al., 2025). In response,

HITL methods have gained attention as a promising avenue for creating more robust, diverse,

and human-grounded evaluation protocols that better reflect the nuanced demands of real-world

deployment scenarios.
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2.1.2 Shortcomings of Automated Evaluation Metrics and Static Benchmarks

Before exploring HITL methods, we review traditional automated metrics and benchmarks

that are typically used to evaluate current models. Despite the wide use of automated metrics

in NLP, they remain fundamentally limited in their ability to capture the full depth of human

language understanding (Gehrmann et al., 2021; Resnik and Lin, 2010).

Metrics such as BLEU (Papineni et al., 2002) and ROUGE (Lin, 2004) are commonly

used to evaluate text generation tasks by comparing a model’s output to one or more reference

texts, typically through n-gram overlap. BLEU measures the precision of n-grams (sequences

of words) in the generated text relative to the reference, penalizing overly short outputs through

a brevity penalty. ROUGE, on the other hand, emphasizes recall as to how much reference

content appears in the generated text. It includes several variants such as ROUGE-N (n-gram

recall), ROUGE-L (longest common subsequence), and ROUGE-S (skip-bigram), making it

particularly useful for tasks like summarization where coverage of key content is important.

Similarly, accuracy is used in classification tasks by checking whether the predicted label exactly

matches the gold label. However, these metrics are often limited in assessing model performance

on open-ended tasks such as abstractive summarization, open-domain question answering, and

dialogue systems (Reiter and Belz, 2009). In such tasks, there may be multiple valid outputs that

differ lexically but are semantically equivalent or contextually appropriate. Especially in cases

where human interpretations vary, these surface-level metrics fail to account for meaning, nuance,

or pragmatic appropriateness (Schmidtová et al., 2024). As a result, models that achieve high

scores on synthetic or rigidly defined benchmarks may still generate incoherent and misleading

responses when evaluated from a real user’s perspective (Kiela et al., 2021; Ma et al., 2021a).
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This disconnect between benchmark performance and real-world reliability has led to

increased attention on model calibration—a promising direction for evaluating trustworthiness

in LLMs by measuring how well their predicted confidence aligns with actual correctness. A

high correlation between confidence values and correctness is becoming increasingly important,

as humans often rely on model confidence to assess the credibility and accuracy of outputs.

This relationship is especially critical as AI systems are increasingly used to support human

decision-making. Models whose confidence estimates do not correspond well with correctness

are referred to as miscalibrated models. As AI systems are increasingly used to support human

decision-making, their trustworthiness hinges not only on correctness but also on the alignment

between confidence and accuracy. Miscalibrated models can be harmful, particularly when they

express high confidence in incorrect outputs and users are unable to independently verify the

answer (Stengel-Eskin et al., 2024; Khurana et al., 2024). This risk is amplified in complex

domains, where users may defer to model suggestions despite uncertainty.

Calibration Evaluation Metrics. 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.,

2024a), separate confidence predictors (Ulmer et al., 2024), verbalized confidence scores (Tian

et al., 2023; Band et al., 2024), or natural language expressions of uncertainty (Zhou et al., 2023).

Moreover, Si et al. (2022) improve calibration in question answering by leveraging consistency

across multiple training checkpoints, assigning higher confidence to predictions that remain stable

throughout training. Chapter 5 extends existing calibration metrics, such as ECE (Naeini et al.,

2015) and Brier scores (Brier, 1950), by introducing a metric for calibration measurement.
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ECE. ECE measures the weighted average over the absolute difference between accuracy and

confidence. To compute this, we first split confidence values into M bins equally. Bm represents

the confidence set of the mth bin. N is the total number of instances across the dataset:

ECE =
1

N

M∑︂
m=1

⃓⃓⃓⃓ ∑︂
t∈Bm

gt −
∑︂
t∈Bm

ct

⃓⃓⃓⃓

We use gt to denote the correctness (1 if correct, 0 otherwise) and ct to denote the corresponding

model’s confidence for instance t.

Brier Score. Brier 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

N∑︂
t=1

(ct − gt)
2

While these metrics offer calibration measurement under classification settings, they fail to capture

real-world variability and user interpretation, particularly in open-ended generative tasks. In

particular, they fall short in capturing the variability and subjectivity inherent in real-world, open-

ended tasks. In generative scenarios like open-domain question answering, models often produce

fluent yet incorrect answers with unjustified confidence, leading to outputs that misalign with

human judgment and potentially undermine user trust. As a result, evaluating miscalibration in

these open-ended contexts remains a major challenge.

Thus, Chapter 5 introduces a metric, a human-grounded calibration metric. Unlike traditional

14



approaches that assess calibration, it bases model evaluation to how early humans and models

are able to answer a question correctly as clues are revealed. This allows us to assess whether a

model’s confidence trajectory aligns with human certainty and decision timing, not just ground-

truth accuracy.

Static Benchmarks. Beyond the limitations of automated metrics, many static benchmarks,

especially those created without human adversaries or iterative feedback loops, also fall short in

diagnosing model behavior effectively (Ribeiro et al., 2020; Nie et al., 2020). These benchmarks

often consist of synthetic or templated examples that fail to reflect the diversity, ambiguity, and

nuance found in natural human language (Gardner, 2024; Pavlick and Kwiatkowski, 2019). As a

result, they tend to emphasize surface-level difficulty (e.g., lexical variation or syntactic noise)

rather than targeting the reasoning gaps or contextual misunderstandings that underlie real-world

model failures (Kaushik et al., 2021; Utama et al., 2020). Moreover, because static benchmarks

are typically constructed without observing model responses, they may include examples that are

either trivially easy or unnaturally difficult, leading to skewed evaluations (Bowman and Dahl,

2021b; Belinkov and Bisk, 2017). In particular, such datasets rarely include human performance

baselines, making it difficult to assess whether model behavior meaningfully diverges from what a

skilled human would produce (Lalor et al., 2019).

The proposed solutions in this dissertation emerge from the precaution to evaluate models in

ways that reflect real-world usage, we must embed human reasoning, variability, and feedback into

the evaluation process itself. HITL methods offer a practical mechanism to surface nuanced failure

modes by allowing human annotators to craft, refine, or respond to model outputs in real time.

This interactivity produces more diagnostically informative test cases that expose brittleness in
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model behavior—especially in the face of ambiguity, disagreement, or shifting context. Similarly,

calibration-focused evaluation offers a pathway to assess not just what models predict, but how

confident they are—a critical factor in determining whether users can rely on model outputs.

When anchored in human baselines, calibration metrics help quantify alignment between model

confidence and human certainty, closing the gap between benchmark performance and real-world

trust. Thus, the studies presented in the subsequent chapters embed the human perspective where

traditional metrics fall short, enabling richer, more realistic, and more trustworthy evaluation.

With these motivations, the following section (§ 2.2) shifts toward HITL benchmarking,

where human annotators iteratively—by creating and responding to examples—engage with model

outputs to design more challenging, realistic, and diagnostically informative test cases (Ma et al.,

2021b; Perez et al., 2022).

2.2 Integrating Human Skills to Reveal Model Vulnerabilities

To address the shortcomings of static benchmarks and automated metrics, this dissertation

explores HITL evaluation as a dynamic and human-grounded alternative. For example, the

question, “How many non-pet characters live in SpongeBob’s neighborhood?” was answered

with “5” instead of the correct answer “3” by ChatGPT, which infers that model likely overcounts

by including characters such as Gary (a pet) or background sea creatures, despite the question

clearly specifying “non-pet” characters. This suggests that the model fails to reason about entity

types and contextual constraints, relying instead on memorized associations. Such failure modes

are rarely detected by static benchmarks but are effectively surfaced through HITL adversarial

authoring, where human writers craft questions that are unambiguous for humans yet expose
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model’s misinterpretation. This section outlines how integrating expert-authored prompts and

skilled human responses can lead to more realistic, challenging, and diverse benchmarks, enabling

more faithful evaluations of model performance.

2.2.1 Designing Human-in-the-loop Benchmarks

HITL benchmarks directly engages human authors and annotators to author task instances

that reflect natural linguistic variation, conversation implications, and domain contexts to challenge

models (Bowman et al., 2022). For example, authors craft questions that contain vague phrasing

that can lead to multiple interpretations (Min et al., 2020), which is natural in real-life interactions.

Moreover, human-curated examples tend to include diverse social and cultural perspectives (Parrish

et al., 2021). Thus, grounding benchmark examples in user authenticity and expectations improves

the practical validity and realism of model evaluation.

2.2.1.1 Curated Examples by Highly-skilled Humans

As some tasks require professional knowledge, some benchmarks are created through sole

expert labor (Wang et al., 2018; Naik et al., 2018). However, it is extremely expensive and time-

consuming to recruit domain experts across fields. Also, because a pool of domain experts can take

control of ways to craft a dataset and excessively focus on the task at hand; recruiting professionals

across diverse domains is time-consuming and expensive (Bowman and Dahl, 2021a). Moreover,

expert-curated datasets may reflect narrow perspectives, unintentionally biasing models toward

specific knowledge or reasoning patterns (Jia and Liang, 2017; McCoy et al., 2020). In order to

mitigate these limitations, it is critical to ensure that experts clearly understand the objectives
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of the dataset and follow consistent construction guidelines. In Chapters 3 and 5, where we

recruited expert writers for benchmark creation, we ensured that the collected examples were

evenly distributed across categories and that the writers reflected a diverse range of expertise and

skill levels. This balance helps preserve generalizability and minimizes overfitting to a single

expert domain.

2.2.1.2 Human-in-the-Loop Adversarial Prompt Generation

A key limitation of previous adversarial datasets is that they are static and created without

observing how models actually respond. This disconnect can lead to examples that are either

too simple or overly complex, reducing their diagnostic value. More importantly, such datasets

often lack human baseline responses, making it difficult to confirm whether the examples are

truly adversarial—i.e., harder for models than for skilled human annotators (Lalor et al., 2016;

Rodriguez et al., 2021).

To address these limitations, HITL adversarial refinement involves a more interactive process

where human authors dynamically engage with model outputs to iteratively craft more challenging

examples (Ma et al., 2021b; Kiela et al., 2021). By engaging with models in real time, annotators

can systematically probe specific weaknesses and produce high-quality adversarial examples

that better reflect realistic failure scenarios. For QA tasks, for example, HITL methods have

been used to validate whether models can answer naturally phrased questions that reflect user

behavior (Bartolo et al., 2021a). Similar strategies have been applied to visual QA (Sheng et al.,

2021), where annotators test model robustness by identifying questions that mislead the model

given an image. Further enhancements involve incentive mechanisms (Wallace et al., 2019;
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Eisenschlos et al., 2021a), where human authors score points by generating prompts that fool

both models and other humans, thus improving adversarial quality through gamified participation.

These work resulted in adversarial questions that are scored based on how well they deceive both

models and other human participants.

Recent efforts have also expanded HITL refinement into adversarial competition formats,

where human authors both write and validate prompts in collaborative or competitive settings. For

example, in Eisenschlos et al. (2021a), humans alternate between creating verifiable claims and

verifying others’ claims, with rewards based on how well their contributions fool models or fellow

annotators. These formats improves the overall quality and realism of adversarial benchmarks by

directly testing model vulnerabilities through expert reasoning and diverse user perspectives.

Having revealed the models’ weaknesses in Bartolo et al. (2021a); Nie et al. (2018); Gu-

rurangan et al. (2018), researchers now understand the necessity of human-AI complementarity,

where we aim to combine the strengths of both human and AI systems. One common application

for such collaboration is creative writing. Lee et al. (2022a) recruited human writers to interact

with GPT-3 for collaborative writing, where humans can get suggestions from GPT-3 and make

further edits. He et al. (2022) introduces a work where humans are given model-generated queries

to search Wikipedia for answers. Here, a dense retrieval model (e.g., DPR) assists humans to seek

the most relevant passage to the query. Ray et al. (2019) proposed an explanation-assisted Guess

(ExAG), where a user guesses an image from the model and edits questions. Padmakumar and He

(2022) deploy an AI model in the loop for modifying user-selected spans to make the draft more

descriptive and figurative. Apart from leveraging the “writing” capabilities of language models, in

a question-answering context, Boyd-Graber et al. (2018) recruit experts and novices to play trivia

games with AI systems as teammates.
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Another important direction that builds on these HITL methodologies is incremental adver-

sarial question answering. In this setting, questions are structured to reveal clues in decreasing

order. Its design follows the structure of quizbowl questions, which incrementally reveal informa-

tion by decreasing difficulty, and participants, human or model, must decide when to “buzz in”

with an answer. This structure rewards deeper knowledge and calibrated decision-making (Boyd-

Graber et al., 2012). Unlike selective QA, which typically evaluates one-off answers (Ferrucci,

2012), the incremental format captures the decision process over time, offering a more nuanced

evaluation of uncertainty and reasoning (Rajpurkar et al., 2018).

GRACE introduced in Chapter 5, extends this adversarial example generation framework

with a HITL adversarial authoring process explicitly designed to test model calibration. While

Rodriguez et al. (2019b) used publicly available questions—now too easy for modern models—

Wallace et al. (2019) introduced TrickMe, where humans collaboratively wrote adversarial ques-

tions. However, TrickMe emphasized overall accuracy rather than calibration. Our dataset creation

process is mainly 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

questions are diagnostic of genuine model errors that are due to model limitations rather than

ambiguous or low-quality questions (Min et al., 2020; Yu et al., 2023).

This broader shift reflects a growing consensus in the NLP community: that benchmark

evaluation should go beyond static test sets to more closely reflect robustness, generalization,

and real-world reasoning (Melis et al., 2017; Biggio et al., 2013; Belinkov and Bisk, 2017; Jia

and Liang, 2017). As Tedeschi et al. (2023) argue, many models labeled as “superhuman” may

benefit from poorly annotated or biased test sets, overstating their true capabilities. A promising

alternative is to develop HITL-driven benchmarks and metrics that require deeper generalization
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and adaptability to the real world (Rychalska et al., 2019; Bowman, 2023; Yuan et al., 2023).

2.2.2 Benchmarking Against Human Expert Performance

Building on these interactive and human-centered generation strategies, HITL evaluation

also involves benchmarking model performance directly against human performance on the same

tasks. This comparative framework provides a grounded baseline for assessing what is realistically

achievable and helps calibrate trust in model outputs. For instance, adversarial competitions allow

humans and models to be evaluated on the same ground by comparing how well each performs

on carefully constructed challenges (§ 2.2.1.2). For example, if a model seems confident but

consistently performs below human level (Liu et al., 2024b; Si et al., 2023; Li et al., 2024a),

this should be considered to be at high stakes (Caruana, 2019; Deng et al., 2025; Krause et al.,

2023; Stengel-Eskin and Van Durme, 2023; Biggio and Roli, 2018). In contrast, when a model

matches or exceeds human performance, it builds trust in its outputs. Thus, benchmarking against

human experts is a critical component guiding responsible model deployment. Lalor et al. (2019)

introduces an IRT-based ranking method that uses these responses to remedy the issue that current

evaluation treats each model independently rather than considering relative differences between

models or human versus models. In Chapter 3 and 5, we use human responses as important

baselines to compare with model behavior and performance.

2.2.2.1 Using IRT for Capturing Adversarialness Using Human Skills

Prior metrics for evaluating adversarial question generation strategies, such as attack success

rate (Uesato et al., 2018), distributional similarity (Dathathri et al., 2019), and proximity measure-
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ment (Ross et al., 2021) assess algorithmic adversarialness without human validation. In contrast,

we identify adversarial examples that pose realistic challenges aligned with human skills, not just

pathological cases that break models. This requires evaluating how well the examples align with

varying levels of human performance, particularly where models fall short, while ensuring that the

examples are unambiguous. To capture this, we adopt item response theory (IRT), which models

the interactions between subjects’ skills—in the QA setting, the subject answering the question

could be either a human or a model—and example difficulty. This framework, widely used in

psychometrics and educational testing (Lord et al., 1968), provides insights beyond accuracy: it

can diagnose question quality as well as skilled subjects.

2PL-IRT. In question answering (QA) tasks, IRT models the probability that a subject correctly

answers a question based on their skill and question difficulties. 2PL-IRT (Eq. 2.1) models the

probability of getting a question correct as a function of subject skill βi and question difficulty θj:

p(rij = 1 | βi, θj, γj) = σ(γj(βi − θj⏞ ⏟⏟ ⏞
skill gap

)), (2.1)

where σ is the sigmoid function (Reckase, 1998). The skill gap, (βi−θj), is the difference between

the subject i’s skill and question j. When a subject’s skill is equal to the question’s difficulty

(βi = θj), they have a 50% probability of answering it correctly. Thus, an agent with skill equal to

or greater than the question’s difficulty level has at least a 50% chance of answering correctly.

The final latent variable is the question discriminability γj which models how sensitive this

probability is to changes in skill gap.1 This encodes how strongly the question rewards the skill

1Perfect discriminability means that any subjects with a positive skill gap will answer the question cor-
rectly (Martínez-Plumed et al., 2019) but negative skill gap will never answer the question correctly.

22



being higher or lower than the difficulty level. The objective of IRT is to estimate the parameters

that maximize the correctness probability p(rij).

Advantages of IRT over question success rate. While question success rate (QSR)—the percent-

age of subjects answering a question correctly—may seem like a reliable measure of difficulty, it

can be misleading. A good yet difficult question and an easy yet poorly written question could

yield the same QSR, obscuring the true measure of difficulty.

In contrast, IRT evaluates subject responses. Not only does IRT consider the number of

humans who answer a question correctly, but it also accounts for who answer which questions.

If the probability of answering a question correctly increases with subject skill, this relationship

will naturally correlate with skill βi and question discriminability γj . The model can confidently

assign higher probabilities for these questions, while questions that are answered correctly by

luck—rather than skill—will have estimated probabilities closer to 0.5, reflecting their lower

discriminability.

Consider three questions: qambig (ambiguous question: “What is a capital of Georgia?”

Answer: [Atlanta or Tbilisi]), qhard (hard but well-formed question: “Who founded Tbilisi?”), and

qeasy (easy question: “What U.S. state has Atlanta as its capital?”). Comparable QSR values may

suggest qambig and qhard have the same difficulty. However, IRT distinguishes them: qambig has low

discriminability (γj ≈ 0), resulting in a low p(rij) close to 0.5 regardless of the subject skill, while

qhard and qeasy are likely to have high discriminability (γj ≈ 1) and reverse difficulty (θj) values.

IRT thus provides a more nuanced evaluation of question adversarialness, capturing its appropriate

challenge levels for humans and models while accounting for its “well-posedness” (§ 3.2.1).2

2Feasibility, another latent variable in IRT, also reflects poor-quality questions when a large proportion of
participants answer incorrectly (Rodriguez et al., 2021). However, our approach explicitly accounts for disagreement
among highly skilled human subjects (§ 3.2.1).
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After accounting for human skills against model skills to create meaningfully adversarial

examples, we explore human subjectivity to identify another type of adversarial example, natural

adversarialness that arises organically in real-life scenarios. We specifically focus on the role of

human subjectivity.

2.2.3 Recruiting High-Skilled Experts Over Moderate-Skilled Humans

We prioritize high-skilled experts when constructing adversarial benchmarks because they

provide a stable and reliable baseline. Expert-authored examples are less likely to contain spurious

errors, and their depth of domain knowledge allows them to anticipate model weaknesses in ways

that moderate-skilled participants may not (Wang et al., 2018; Naik et al., 2018; Jia and Liang,

2017). This ensures that adversarial examples are unambiguous for humans while remaining

challenging for models.

At the same time, a natural question arises: if benchmarks are constructed primarily by

experts, can they generalize to moderate-skilled users who are the ones actually interacting with

these systems? While experts may introduce more challenging and diagnostically useful cases,

there is a risk that such datasets disproportionately reflect expert reasoning strategies, making them

less representative of everyday user behavior (Bowman and Dahl, 2021a). To address this, we

mitigate overfitting to a single perspective by recruiting experts with diverse backgrounds (Raji and

Buolamwini, 2019; Bender and Friedman, 2018), designing tasks that remain accessible to humans

across different skill levels, and validating questions through human-in-the-loop answers (§3.4.1

and § 5.2.2). In practice, this approach follows prior work in psychometrics and educational testing,

where benchmarks are often developed by experts but validated across a spectrum of participant
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skill levels to ensure broad robustness (Embretson and Reise, 2013). Thus, while experts play a

central role in question authoring, our frameworks in § 3 and § 5 explicitly accounts for the need to

balance expert rigor with usability for moderate-skilled humans. In addition, we evaluate models

against experts spanning diverse domains and skill levels to ensure that performance generalizes

across varying degrees of human expertise. By doing so, we aim to construct benchmarks that are

both diagnostically sharp for model evaluation and realistically representative of the population of

end-users.

2.3 Incorporating Human Subjectivity to Measure Real-World Adaptability

This dissertation explores how incorporating human subjectivity—through naturally occur-

ring data, diverse annotator judgments, and disagreement patterns—can help build benchmarks

that better reflect real-world expectations. By leveraging the subtlety and variability of human

responses, we can assess whether models are equipped to handle the richness of everyday language

and decision-making, ultimately guiding the development of more adaptive and human-aligned AI

systems.

2.3.1 Collecting Annotations for Naturally-occuring Adversarial Benchmarks

Building benchmarks from naturally occurring data distributions offers an alternative to

manually constructed or synthetic datasets. These real-world data sources reduce the human effort

involved in benchmark creation and help mitigate bias that may arise when curated benchmarks

overlook essential task phenomena (Bowman and Dahl, 2021a). For example, many datasets have

been collected from the wild: naturally occurring questions (Kwiatkowski et al., 2019), discourse-
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based tasks (Paperno et al., 2016), and community-generated content like StackExchange data

(Hazoom et al., 2021). Also, there exist fact checking datasets that are crawled from fact checking

websites (Popat et al., 2016; Ferreira and Vlachos, 2016; Hanselowski et al., 2019) or misleading

headline datasets harvested from online social media platforms (Slovikovskaya, 2019; Potthast

et al., 2018; Ferreira and Vlachos, 2016; Ha et al., 2018; Shang et al., 2019). Furthermore, ample

benchmarks utilized crowdsourcing as their primary method to collect data (Rajpurkar et al., 2016).

While scalable and efficient, this approach introduces several challenges especially in subjective

tasks: annotator biases, inconsistent interpretations of task instructions, and low inter-annotator

agreement can all compromise data quality and reliability (Bowman et al., 2015; Bartolo et al.,

2021b).

One of the main advantages of using natural data distributions is that they more closely mirror

the complexity of real-world scenarios, where target skills are often reflective of domain knowledge

and contextual interpretation. While natural data may have challenges in class imbalance or limited

data availability, they also encourage models to develop more robust and adaptive behaviors when

they are deployed. As a result, evaluations based on natural distributions can offer a more realistic

measure of a model’s performance in practical applications.

2.3.2 Capturing Subjective Human Judgments and Nuance

Interestingly, the challenges that come with subjective tasks like sentiment analysis or

hate speech detection can actually serve as an advantage (Sandri et al., 2023). Since annotators

often have different perspectives, their disagreements can instead reflect the nuanced and context-

dependent nature of these tasks (Kenyon-Dean et al., 2018; Davani et al., 2022). Some even
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postulate that the disagreements in subjective tasks are not just inevitable but essential, as they

capture important nuances of the target task that are often ignored while aggregating annotations

(Davani et al., 2022). This diversity can lead to evaluating models whether they are more adaptable,

better at handling ambiguity, understanding multiple valid interpretations, and aligning with the

range of human reasoning. From an evaluation standpoint, it allows us to test whether models

are not only accurate, but also adaptable and sensitive to nuance (Giorgi et al., 2024; Röttger

et al., 2021; Liu et al., 2023a). For example, in misinformation context, misleading headlines

that are incongruent with video content may be technically accurate but still misleading to some

viewers, depending on how it frames the content it summarizes. In such cases, annotators with

different backgrounds may disagree, but their rationales for why something is misleading can

reveal critical linguistic or social cues that models must learn to detect (Uma, 2024). Capturing

such disagreement patterns can reveal evaluation blind spots, improve benchmark design, and help

identify where models fail to generalize.

To systematically analyze annotator disagreement while accounting for reliability, we can

apply MACE, Multi-Annotator Competence Estimation (Hovy et al., 2013), a Bayesian method

that estimates the trustworthiness of annotators and helps filter out unreliable or spam-like behavior.

MACE models the annotation process by assuming that each annotator either provides a correct

label with some probability (based on their competence) or chooses a label according to a personal
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“spam” distribution. The generative process is formalized as follows:

Ti ∼ Uniform, for i = 1, . . . , N

Sij ∼ Bernoulli(1− θj), for j = 1, . . . ,M

Aij =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
Ti if Sij = 0

sampled from Multinomial(ξj) if Sij = 1,

where N is the number of items (e.g., headlines), M is the number of annotators, and Ti is the

latent true label for item i. Each annotation Aij is determined either by the true label (if the worker

is not spamming) or by a multinomial distribution ξj reflecting their spam behavior. The spam

indicator Sij follows a Bernoulli distribution parameterized by 1− θj , where θj is the estimated

competence of annotator j. Beta and Dirichlet priors are placed on θ and ξ, respectively. This

allows retaining the meaningful variation in subjective annotations while discounting contributions

from untrustworthy annotators. This preserves the signal embedded in human disagreement

without conflating it with noise, offering a more faithful reflection of real-world subjectivity in

evaluation tasks.

2.3.3 Subjective and Challenging Task: Misleading Video Headline Detection

Building on the discussion of subjective tasks and the importance of incorporating human

perspectives, we now examine a particularly challenging application: detecting misleading video

headlines. This task is inherently subjective, context-dependent, and multimodal, making it an

ideal case study for a subjective and challenging task for model evaluation.
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2.3.3.1 Clickbaits and Misleading Headlines

There is a line of fact-checking research focused on detecting and correcting misleading

headlines. This has been one of the major factors of misinformation, especially on social media

platforms (Wei and Wan, 2017). In particular, clickbait is characterized by misleading headlines,

depending on the degree of deception the audience experiences (Bourgonje et al., 2017). For

example, Potthast et al. (2018) and Slovikovskaya (2019) use crowdsourcing method to label

each news headline pair on a four-point scale (not, slightly, considerably clickbaiting, heavily

clickbaiting) and four stances (Agrees, Disagrees, Discusses, Unrelated) depending on the level of

misleadingness. Ferreira and Vlachos (2016) includes a manual analysis of the first 50 body IDs

containing headlines that are an existing sentence in the text articles. Previous works propose that

clickbaits are characterized by misleading or ambiguous headlines, depending on the degree of

deception the audience experiences (Wei and Wan, 2017).

2.3.3.2 Misleading Headline Detection

While often used interchangeably, clickbait and misleading headlines are not synonymous.

Transitioning from clickbait detection to the more nuanced task of identifying misleading headlines,

prior research shows that a headline can be exaggerating but not misleading (Chen et al., 2015).

For example, some viewers may determine a clickbaity headline to be mildly exaggerating but

not deceptive, while others may decide that the headline is excessively exaggerating and thereby

misleading. For example, clickbait may omit key information to create curiosity (e.g., “You

won’t believe what happened next!”), while a misleading headline can falsely frame the content

to support a specific narrative (e.g., “New Study Proves Vaccines Are Dangerous” when the
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content talks about how vaccines are dangerous when a patient is under the influence of alcohol).

This comes from differences in their background knowledge, expectations on what is perceived

as misleading, and individual preferences to framing. Thus, determining whether a headline is

misleading is inherently subjective and challenging for annotators and AI models.

2.3.3.3 Multimodal Misleading Headline Detection Benchmarks

To advance this area, recent work has expanded beyond textual headlines to examine

misleadingness in multimodal contexts, particularly video content. As the spread of fake news

appears in many forms of multimedia (Aïmeur et al., 2023), several works are on constructing

datasets to support research on multimodal misleading headline detection (Bu et al., 2023). Some

studies have identified video thumbnails as heavily influential in detecting whether the video

headline is misleading the audience or not. Ha et al. (2018) introduce an image-based dataset and

focuses on misrepresented headlines on Instagram. Also, Shang et al. (2019) present a dataset of

Youtube videos with manual annotations generated by misleading seed videos from the Youtube

recommendation system. Zannettou et al. (2018) propose manual and automatic misleading-

labeling mechanisms. The annotated videos could be biased as manual and automatic annotation

may not be in consensus; they can lead to erroneous annotations of misleading headlines.

In Chapter 4, we incorporate human annotations by structurally examining subjectivity and

analyzing how individual judgments—such as perceived misleadingness or contextual relevance—

vary across annotators through their provided rationales, enabling a more interpretable evaluation

of model robustness.
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2.4 Embedding User Values and Perceptions for Human-AI Alignment

We now turn to the broader challenge of aligning AI evaluation frameworks with user values

and interpretability concerns. In particular, we explore how human-grounded evaluation can

embed human expectations throughout the system pipeline to improve reliability and real-world

applicability.

2.4.1 Aligning Model Predictions with User Standards

One of human-grounded evaluation methods offers powerful mechanism to integrate user

input across all stages of development and evaluation of AI systems (Wang et al., 2021b; Akoury

et al., 2020). Rather than limiting user involvement to final scoring, this approach includes

leveraging user judgment in task design, prompt formulation, model auditing, and feedback

loops (Chang et al., 2024). Such integration recognizes that user values, context awareness, and

reasoning capabilities are crucial for identifying a model’s blind spots and failure modes. With the

feedback loop where users can continuously refine the system, the pipeline can adhere to end user

expectations and offer guidelines for making correct revisions of erroneous outputs (Wallace et al.,

2019; Cao and Wang, 2021). This iterative loop transforms evaluation from a static, one-time

assessment into an adaptive, user-centered process (Wallace et al., 2019; Cao and Wang, 2021).

2.4.2 Direct User Engagement in Multi-agent System Evaluation

Building on the principles of user-grounded evaluation, we apply this principle to the

challenges of evaluating multi-agent systems powered by LLMs. LLM-as-agent systems are

increasingly being used for complex real-world tasks where individual agents perform subtasks
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via decomposition, chaining, or planning, mirroring human problem-solving strategies (Suzgun

et al., 2023; Srivastava et al., 2023; Wu et al., 2022a; Lou et al., 2024).

However, these agent-based systems often fall short, often contradicting human cognition

and miss critical errors that escape automated detection (LangChain, 2013; Arawjo et al., 2024).

For example, an incorrect result by a single agent—misinterpreting a calculation or nonfactual

claim generation—may be unflagged by LLM-only evaluations but would likely be identified and

corrected by human reviewer (Wu et al., 2022b; Grunde-McLaughlin et al., 2025b; Lee et al.,

2022b). This underscores the need for human oversight, particularly in high-stakes applications

such as legal or healthcare settings, where the consequences of error are significant. This places a

substantial burden on users, who must inspect the reasoning and output of each agent, creating

an evaluative challenge: how can users reliably assess complex trajectories of reasoning without

formal tools or structured guidance?

Given these limitations, the research focus has increasingly shifted toward understanding

how evaluation results should be interpreted and by whom. This shift reflects the growing

consensus that AI evaluation must be grounded in user needs and shaped by end-user expectations.

For instance, Liao and Xiao (2023) argue that evaluation modules must provide valid assessments

of whether and to what extent human needs are met in downstream use cases, ensuring human

realism. Similarly, Arabzadeh et al. (2024) emphasizes that identifying and quantifying the criteria

for LLM-powered applications is essential to verify whether they satisfy user requirements and

ultimately bring utility to end-users.

To operationalize this, several recent works propose integrating user-defined evaluation

rubrics directly into the system (Ibrahim et al., 2024). Kim et al. (2024) demonstrate that

incorporating user-defined criteria enhances the alignment between LLM evaluator outputs and
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human-annotated outputs. Similarly, Shankar et al. (2024) propose aligning LLM evaluators with

user-specific goals and criteria, enabling tailored evaluation pipelines that reflect the requirements

of downstream tasks. In Chapter 6, these approaches are revisited to reinforce the central message

of this dissertation: evaluation should not be limited to correctness or surface-level metrics, but

must also reflect human values, expectations, and context. This is especially critical in multi-agent

systems, where embedding user input into the evaluation loop is essential for developing models

that are robust, trustworthy, and truly aligned with the needs of the people they serve.

The next four chapters of this dissertation build on the foundational concepts to pursue

two central objectives: constructing challenging, human-grounded benchmarks and advancing

trustworthy, human-aligned AI systems. The first two chapters present dataset generation pipelines

and evaluation methodologies designed to surface model vulnerabilities by leveraging naturally

adversarial examples, subjective human annotations, and expert-informed judgments. These

benchmarks aim to better capture the linguistic nuance and diversity of real-world user interactions,

offering a more faithful alternative to traditional evaluation datasets. The latter two chapters turn

toward the goal of developing trustworthy AI, introducing approaches that incorporate human

feedback, promote interpretability, and embed user values within agentic system design. Together,

these chapters demonstrate how integrating human-centered signals throughout the evaluation and

development process can lead to more robust, transparent, and user-aligned NLP systems.
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Chapter 3: Is your benchmark truly adversarial? AdvScore: Evaluating Human-

Grounded Adversarialness1

This chapter introduces a HITL approach for constructing adversarial evaluation benchmarks

through expert-authored examples and metrics by collecting both human and model responses.

This HITL metric measures adversarialness of a benchmark example—defined as examples that

are easy for humans but hard for models—using item response theory (IRT) (Lalor et al., 2016) to

account for human skills, and use it to ground the metric score in difficulty gap between humans

and models, response ambiguity, and example skill distinguishing ability. To create benchmark

examples, we present an HITL interface that enables experts to iteratively probe model behavior

in real time, refining prompts to expose weaknesses while ensuring practical plausibility.

3.1 Motivation

As language models attain near-perfect performance on existing benchmarks, there is an

increasing demand for unexpected and challenging tasks to evaluate them. Adversarial datasets

contain examples that cause models to generate harmful (Perez et al., 2022), unsafe (Quaye et al.,

2024), or incorrect (Goodfellow et al., 2015) responses. An ideal adversarial example should be

1Yoo Yeon Sung, Maharshi Gor, Eve Fleisig, Ishani Mondal, and Jordan Lee Boyd-Graber. 2025. Is your
benchmark truly adversarial? AdvScore: Evaluating Human-Grounded Adversarialness. In Proceedings of the
Conference of the Nations of the Americas Chapter of the Association for Computational Linguistics
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[East, East, East]

V.S.
[South, West, East]

“What cardinal 
direction on a compass 
cannot be found in the 
name of a US state?”

“In what country is the 
world largest 
desalination plant?”

[ Iran, Don’t know, ?]

V.S.
[Croatia, ?, Abu Dhabi]

Language
Models

Language
Models

LMs
LMs

LMs
LMs

LMs
LMs

LMs
LMs

Tactic: “Multi-step reasoning”

“Not easy for humans”, “Ambiguous”

ADVSCORE (0.250) 

ü Margin (𝜇): 0.142
ü Disc. (𝜅): 0.760
ü Ambig. (𝛿):  0.097

ADVSCORE (-0.331) 

ü Margin (𝜇):  -0.192
ü Disc. (𝜅): 0.98
ü Ambig. (𝛿): 0.147

Figure 3.1: ADVSCORE diagnoses when a question is adversarial (top) and difficult for computers
to answer for other reasons (bottom). After collecting candidate questions, we ask humans and
computers to answer the questions. The top question (from ADVQA) has a higher ADVSCORE

because it is specific, adversarial, discriminative, high-quality, and realistic. In contrast, the bottom
question is ambiguous (e.g., none of humans or models correctly answered due to its ambiguity),
which is confirmed by its low ADVSCORE.

much easier for a human to answer correctly than for a model on realistic tasks (Ilyas et al., 2019;

Tsipras et al., 2019; Engstrom et al., 2020; Biggio et al., 2012). However, as models improve,

these adversarial datasets can become outdated (Kiela et al., 2021)—what was hard for a model in

2020 can become trivial in five years—requiring periodic updates (Recht et al., 2019; Bowman and

Dahl, 2021a). On the other hand, it is difficult to recognize at what point have these adversarial

datasets outlived their usefulness systematically, nor is there an established metric to measure

which datasets best captures the gap between human and model ability.

To fill this gap, we formulate ADVSCORE (§ 3.2). This metric measures two critical aspects:

(i) adversarialness, which captures the performance gap between models and humans, while

penalizing “ill-posed” examples (i.e., ambiguity), and (ii) discriminability—how effectively can

a dataset rank models by their abilities.

Measuring whether a dataset is truly adversarial requires human answers; thus, ADVSCORE

builds on item response theory (Lalor et al., 2016, IRT), a framework widely used in psychometrics

and educational testing. It captures the diversity of human and model abilities and identifies poor
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examples (§ 2.2.2.1). ADVSCORE is the first metric that evaluates an example’s “adversarialness”

grounded in human abilities: it can measure whether the dataset’s adversarial challenge becomes

weaker or stronger as language models improve. We apply ADVSCORE to motivate authors

to contribute to a new human-in-the-loop HITL benchmark of adversarial questions, ADVQA.

ADVQA’s creation pipeline (Figure 3.1) produces high-quality and realistic questions that are

adversarial. Moreover, ADVSCORE helps make ADVQA discriminative, ensuring that the captured

adversarialness reflects the varying skills of humans and models.

ADVQA exhibits the least decline in adversarialness over recent years compared to other

adversarial benchmarks (§ 3.3). This minimal, but meaningful decline in ADVQA reveals that

current models (e.g., GPT4) continue to struggle with tasks requiring commonsense reasoning and

multistep reasoning and on topics such as Lifestyle (§ 5.4), which are likely tied to real-world

challenges.

We conclude with an analysis of how model have improved improve over the years since

researchers began releasing adversarial datasets and how that can inform the development of future

adversarial datasets (§ 3.3).

3.2 ADVSCORE

This section introduces ADVSCORE, a metric that evaluates how adversarial and discrim-

inative a dataset is. We measure these two key criteria: (i) adversarialness, how much more

challenging a question is for AI models compared to humans while being well-posed; and (ii)

discriminability, how informative is the question in effectively distinguishing between different

skill levels.
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3.2.1 Quantifying Adversarialness

A question is adversarial if skilled humans consistently answer a question correctly but

computers do not. We measure this gap by fitting IRT parameters and then computing the

probabilities predicted by the trained 2PL-IRT model (§ 2.2.2.1). During margin computation, we

conduct synthetic groups for both human and computer subjects with representative skill levels.

Then, we compute the probability of each group correctly answering the question, as estimated

by the IRT model, which accounts for question quality. A question is considered adversarial

if the human representative has a higher probability of answering correctly than the computer

representative.

Skilled Groups. We first define what constitutes a skilled group g, and further define its represen-

tative skill βg
∗ , which we use in subsequent equations (3.2,3.4). For a set of randomly sampled

subjects S, skilled group S(k) is the subset of subjects with skill at least k standard deviations

above the mean— βi > µS
β + kτSβ —where µS

β and τSβ are the mean and standard deviation of

subject skills over the set S, and k indicates the degree of expertise. We define the representative

skill βg
∗ for the chosen group g as the expected skill level of the subjects within that group:

βg
∗ = E

βi∼g
[βi]. (3.1)

Margin Computation. For question j in a dataset D, the performance-margin µj is the difference

between the probabilities of skilled humans H(0) and skilled models M(0) correctly answering the

question, using their respective representative skills βH(0) and βM(0) . We set k = 0 and designate

skilled humans (H(0)) and models (M(0)) as the skilled subsets of subjects. These subjects have
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skills above the average level of their respective subject pools:

µj = σ2pl

(︂
β
H(0)
∗ , θj, γj

)︂
⏞ ⏟⏟ ⏞

Skilled human rep. prob.

− σ2pl

(︂
β
M(0)
∗ , θj, γj

)︂
⏞ ⏟⏟ ⏞

Skilled model rep. prob.

, (3.2)

where σ2pl (β, θ, γ) is the logistic function for our 2PL-IRT (Eq. 2.1, § 2.2.2.1), that uses βg
∗ as

the representative skill for subject group g ∈ {H(0),M(0)}, and θj and γj are the difficulty and

discriminability parameters of the question j.

A positive value for the margin µj implies that the question j is adversarial (examples

in 3.3), while a negative value implies the opposite, and the magnitude indicates the extent of

adversarialness.

Accounting for Question Ambiguity. While the margin (µj) captures the core of adversarialness,

it does not ensure if the questions are genuinely well-posed; ambiguous, or poorly formulated

questions could inflate this score without being truly adversarial. To address this issue, we

introduce a discount term (Eq. 3.3) that relies on the disagreement level among highly-skilled (or

expert) human subjects (H(1)) for each question:

µ′
j =

µj

1 + δj
, (3.3)

where µ′
j is the adjusted adversarialness score, µj is the original adversarialness score, and δj is a

measure of disagreement among highly skilled human subjects H(1) for question j.2 To keep this

measure of disagreement standardized, δj is the mean deviation (MD) of the probabilities of H(1)

2We use this approach for crowdsourced human subjects. For manually identified expert human subjects, we
directly use their responses without the need for skill-based filtering.
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answering question j correctly:

δj = MD
i∼H(1)

[︂
σ2pl

(︂
β
H(1)

i , θj, γj

)︂
)
]︂
. (3.4)

This discount term ensures that questions with high disagreement among expert humans (poten-

tially ambiguous or ill-posed questions) are penalized, even if they show large human-model

performance gaps. This approach leverages the value of human judgment for true adversarial

quality assessment.

3.2.2 Measuring Discriminability

The best questions distinguish between subjects’ varying skill levels—they are informative

and showcase high discriminability. We measure this by leveraging Fisher information over our

2PL-IRT’s response prediction function, also called Item Information Function (Lord et al., 1968,

IIF); it is a function that measures an item’s contribution to the measurement precision of P (θ)

across the skill range (θ). With P (θ) as the 2PL-IRT’s response prediction function σ2pl (β, θ, γ),

we get the item information function (IIFj(θ)) that quantifies how much statistical information a

question j provides about a subject’s skill level θ:

IIFj(θ) = γ2
j · pj(θ) · (1− pj(θ)), where (3.5)

pj(θ) = σ2pl (θ, θj, γj) . (3.6)

Here, the questions with high discrimination (large γ2
j ) and moderate difficulty (resulting in

P (rij) ≈ 0.5) provide the most information.
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Finally, we define the total item information (TIFj) provided by question j as the area under

the IIFj(θ) curve, and scale it by exponential normalization to obtain a standardized, calibrated

measure of discriminability κj for question j:

TIFj =

∫︂ ∞

−∞
IIFj(θ)dθ, (3.7)

κj = 1− exp (−TIFj) . (3.8)

3.2.3 Combining into ADVSCORE

To recap, an ideal adversarial question should (i) have a high margin of human and model

performance gap, while being well-posed (low expert-humans disagreement), and (ii) be dis-

criminative (informative of the subject’s skill). Thus, first combine the adversarialness (µ′
j) and

discriminability (κj) to get a single metric:

ADVSCOREj =
µj

1 + δj
· (1 + κj) (3.9)

To have human–model probability margin (µj) as a key factor in ADVSCORE, we treat κj as a mul-

tiplicative bonus to µj . This prevents questions with high discriminability (κj) from contributing

to ADVSCORE if their µj values are low.

A positive ADVSCORE indicates a truly adversarial dataset, with higher values suggest-

ing more discriminative and adversarial questions. We use ADVSCORE to evaluate existing

datasets (§ 3.3) and to reward authors in our ADVQA dataset creation process (§ 3.4.1). We

define the ADVSCORE of a dataset D as the average ADVSCORE of its questions. An effective
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adversarial dataset should contain numerous questions with high ADVSCORE.

3.3 Adversarial Benchmark Evaluation

We compare adversarial benchmarks across different domains using ADVSCORE. Our eval-

uation includes ADVQA, a new QA dataset developed through a HITL process to align adversarial

data with human capabilities. This section, analyzes ADVSCORE as a metric, while § 3.4 details

the creation of ADVQA, and § 5.4 examines what makes ADVQA questions adversarial.

Adversarial datasets with human responses. For ADVQA, we gathered human responses

through a live, in-person QA competition involving 8 human teams, as well as through online

crowdsourcing with 165 participants. In total, we collected 1,839 human responses from 172

individuals. To compare the adversarialness of these datasets using ADVSCORE, which relies

on both human and model response data, we are limited to comparing ADVSCORE with datasets

with human annotations. Thus, we select TRICKME (Wallace et al., 2019) and FM2 (Eisenschlos

et al., 2021a). While TRICKME challenges models with QA pairs, FM2 uses entailment pairs for

fact-checking.3 Additionally, we included BAMBOOGLE (Press et al., 2022), which consists of

general knowledge questions designed to be adversarial, similar to ADVQA. As BAMBOOGLE

lacked human responses, we gathered 10,391 responses from 165 crowdworkers.

We also collected model responses for each dataset from ten models, including Dense

Passage Retrieval (Karpukhin et al., 2020, DPR), GPT-3-INSTRUCT (Ouyang et al., 2022),

GPT-3.5-TURBO (OpenAI, 2023), MISTRAL-V0.1-INSTRUCT (Jiang et al., 2023), GPT-4 (Achiam

et al., 2023), LLAMA-2-CHAT models in sizes of 7b and 70b, and LLAMA-3-INSTRUCT models in
3We use human responses from Si et al. (2023)
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sizes of 8b and 70b (Touvron et al., 2023). After collecting human and model responses, we apply

2PL-IRT to extract the learned subject and item parameters and compute ADVSCORE.

Comparison of adversarial benchmarks. We compute ADVSCORED and its components (µD,

κD, and δD) for each dataset, presenting results in Table 3.1. Figure 3.2 walks through the

computation of ADVSCORE by illustrating (i) the skill density of skilled humans H(0) (blue)

and models M(0) (red), (ii) the response correctness probability (σ2pl, purple), and (iii) the item

information function, IIF (green, E.q. 3.5), over skill θ.

Both ADVQA and TRICKME show a clear separation between human and model skill levels

(first row), resulting in positive, high margins (µ) of 0.17 and 0.13, correspondingly (yellow in

second row). However, ADVQA has a higher overlap of IIF with regions where human skill

exceeds model skill (dark green area in third row), compared to TRICKME, which has a flatter and

less informative IIF. These lead to lower κD (0.56 vs 0.93), suggesting that TRICKME questions

are less discriminative (less useful in assessing subject skills).

In contrast, BAMBOOGLE has an informative IIF, but the skill of the model tends to exceed

humans, resulting in a negative µD (Table 3.1). This suggests that BAMBOOGLE questions are

inversely adversarial, containing questions where models outperform humans, and therefore fail

to serve as an effective adversarial benchmark. Similarly, FM2 has a negative µD and low κD,

indicating that the dataset is neither adversarial nor discriminative. Our analysis establishes

ADVQA questions as most adversarial, as indicated by its highest ADVSCORED of 0.31; thus

demonstrating that the unique components of ADVSCORE effectively support the evaluation of

adversarial benchmarks.

Chronological evaluation of adversarialness. Adversarial datasets inevitably become obsolete
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Datasets (D) µD κD δD ADVSCORED

ADVQA 0.17 0.93 0.08 0.31
FM2 -0.05 0.22 0.01 -0.07
BAMBOOGLE -0.12 0.93 0.11 -0.21
TRICKME 0.09 0.56 0.03 0.13

Table 3.1: ADVQA had the highest ADVSCORED, along with the highest µD and κD, indicating
that its questions were the most adversarial and best at discriminating subject’s skill across the
four datasets. While BAMBOOGLE has the same κD value, the negative µD indicates the reverse
adversarialness, suggesting it was distinctively easier for models than humans.

as models improve, either by training on these datasets or overcoming previously identified

vulnerabilities. Using ADVSCORE, we assess model improvements over the last five years by

identifying which datasets have become less adversarial, incorporating new models into the

ADVSCORE computation.4 Figure 3.3 shows the ADVSCORE for each dataset over the years,

confirming that ADVQA holds the highest ADVSCORE (2024) with the smallest decline over the

last five years. In contrast, TRICKME, which was initially the most highly adversarial (2020), saw

a sharp decline over the following four years, indicating that the models improved on the tasks

that they previously struggled with. BAMBOOGLE and FM2 are no longer adversarial, showing

negative ADVSCORE values since 2022. BAMBOOGLE’s reliance on a 2-hop tactic and simple

questions (e.g., “What is the capital of the second largest state in the US by area”) likely explains its

decline since 2021. FM2’s drop suggests LLMs have improved at fact-checking or benefitted from

similar questions in training. Although pinpointing the exact factors behind model improvement

may be challenging, it is crucial to determine whether these models have become more resilient or

remain vulnerable as new models emerge. ADVSCORE facilitates this by quantifying how much a

dataset has lost its adversarialness, offering a concrete measure of how well the model withstands

4Models introduced by year: DPR in 2020, GPT-3-Instruct in 2021, GPT-3.5-TURBO in 2022, Mistral-0.1-instruct,
GPT-4, Llama-2-7b-chat, and Llama-2-70b-chat in 2023, and Llama-2-7b-chat, Llama-2-70b-chat, Llama-3-8b-
instruct, Llama-3-70b-instruct, and rag-command-r-plus in 2024.
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Figure 3.3: We report ADVSCORE for each dataset over the years, confirming that ADVQA holds
the highest ADVSCORE with the smallest decline over the last five years, proving its adversarial
robustness.

adversarial challenges over time.

Qualitative Examples with ADVSCORE. We examine the human-model margin probability

(µj) and each subject’s answers to the example question for each dataset. In Table 3.3, ADVQA

and TRICKME questions show a positive µj value, indicating adversarial, correspondent to the

human’s correct answer to (“Putin”) and GPT4’s wrong answer (“Russia”). On the other hand,

BAMBOOGLE and FM2’s negative adversarialness value suggests that the question is easier for

models compared to humans, as reflected in the higher correctness from models versus humans.

Comparision of ADVSCORE and QSR. Moreover, we compared the the model and human

success rates (QSR) and ADVSCOREs.

While QSR may suggest that humans outperform models, the questions can consistently

yield negative ADVSCOREs, due to their low or negative µ (margin) or high δ (ambiguity). This

highlights that QSR alone is insufficient to determine question adversarialness, whereas each

parameter in ADVSCORE offers a more reliable measure.
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For questions like What was the founding date of the university in which Plutonium was

discovered? and Who is the father of the father of observational astronomy?, humans significantly

outperform models, but their negative ADVSCOREs (−0.365 and −0.340) indicate that these

questions remain non-adversarial. This demonstrates that QSR alone is insufficient to identify

question adversarialness. ADVSCORE, by incorporating both margin and discriminative power,

provides a more nuanced and reliable measure, and reflects the adversarial nature of questions.

3.4 ADVQA Creation Pipeline

We showed that ADVQA is more adversarial and discriminative than other datasets, sug-

gesting its creation process contributed to these qualities. Here, we discuss the ADVQA collection

process as a case study to guide future high-quality adversarial datasets.

3.4.1 Collecting Examples through Adversarial Competitions

To obtain human-written question-answer pairs, we hold two adversarial model–human QA

competitions. First, in the writing competition, we collect 399 adversarial questions through the

interface (§3.4.2), which are then edited and filtered by an expert editor. Second, in the answering

competition, we invited eight expert human groups (composed of three to four trivia experts) to

run eight human vs. model QA tournaments to obtain 780 human responses. Each tournament

initially consisted of 30 questions, which are then filtered based on experts’ comments (E.g., “This

question is ill-posed”). After this filtering process, ADVQA results in 182 questions.5 After the

5Larger than other IRT-analysed test sets (e.g., 139 for RTE, 20 for COMMITMENTBANK, 50 for COPA) (Vania
et al., 2021). Also, additional 1,839 human responses collected from 172 individuals (165 crowdsource workers).
Dataset value includes both questions and response volume.
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AdvQA Dataset

Question Answer Human QSR Model QSR µj δj κj ADVSCOREj

Name the color of the sky in Aivazovsky’s
“The Ninth Wave”

Orange 0.667 0.083 0.583 0.106 0.963 0.188

The title of this book shares a word with the
title of a song of which the author, who acted
in the 2002 film, 8 Mile, addressed to his
daughter and niece

To Kill a Mock-
ingbird

0.333 0.000 0.323 0.102 0.983 0.179

What country shares a language with its more
populous northern neighbor but in its written
form omits a letter that looks like a Greek
beta, writing the sound instead by doubling
another letter? That character appears in that
language’s words for foot, big, outside, and
street

Switzerland 0.333 0.000 0.333 0.051 0.626 0.081

A German admiral sailing for Russia named
what islands for an English captain and not
for the librettist of the HMS Pinafore nor for
the announcer of Jeopardy!

Gilbert Islands 0.333 0.100 0.233 0.034 0.504 0.051

Bamboogle Dataset

Question Answer Human QSR Model QSR µj δj κj ADVSCOREj

What was the founding date of the university
in which Plutonium was discovered?

March 23, 1868 0.452 0.167 0.285 0.127 0.972 -0.365

Who was the father of the father of psycho-
analysis?

Jacob Freud 0.528 0.500 0.028 0.149 0.982 -0.354

When did the person who gave the Checkers
speech die?

April 22, 1994 0.200 0.167 0.033 0.156 0.985 -0.350

Who is the father of the father of observa-
tional astronomy?

Vincenzo Galilei 0.324 0.167 0.157 0.121 0.964 -0.340

What is the third letter of the top-level domain
of the military?

l (lower case L) 0.516 0.333 0.183 0.152 0.983 -0.338

Table 3.2: A substantial gap in QSR may suggest human superiority over models, indicating an
adversarial question. However, it can still yield negative ADVSCOREs due to low or negative µ
or relatively high δ. In both ADVQA and Bamboogle, even when human QSR surpasses model
QSR, this is not always reflected in ADVSCORE, given the distinct criteria of each parameter.
For instance, the first question in ADVQA, Name the color of the sky in Aivazovsky’s “The Ninth
Wave” exhibits a significant QSR gap between humans (0.667) and models (0.083), yet its positive
ADVSCOREj = 0.188 remains low, due to high δ (indicating question ambiguity) compared to
other examples. The question implies a single color, but the “The Ninth Wave” painting contains
multiple hues. It also lacks specificity about which part of the sky is being referenced.

competitions, we incentivize ttop writers by ADVSCORE and top players by skill.6

6ADVSCORE is not computed during the dataset construction. It is a post-hoc evaluation metric.
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Dataset Question Answer Margin
(µj )

Human Re-
sponse

GPT-4

ADVQA Who is the president of the country repre-
sented by the second letter in the acronym
BRICS [...]

Vladimir
Putin

0.19 Putin Russia

FM2 Aram Khachaturian had Russian roots. False -0.01 “False” True

TRICKME In a novel by this author, a detective wraps
his arm to survive a dog attack [...]

Durrenmatt 0.12 “Durrenmatt” Franz Kafka

BAMBOOGLE Who directed the highest grossing film? James
Cameroon

-0.02 “No idea” James
Cameron

Table 3.3: ADVQA demonstrates the most balanced properties of challenging the model and
distinguishing between skills, as indicated by a positive µj value, which aligns with humans
outperforming the models.

3.4.2 Skilled Writers use Adversarial Interface

We provide an adversarial writing interface as a human-AI collaborative tool for the adversar-

ial writing competition, motivated by You and Lowd (2022)’s finding that human-AI collaboration

strengthens adversarial attacks. We supply the writers with real-time model interpretations, in-

spired by Wallace et al. (2019); they could continuously counteract the model response and make

edits.

Eliciting incorrect model predictions. The center of the interface (Figure 3.4) provides the

Wikipedia page for the target answer, which they use to write the question. While the author

is writing, the retrieval widget and QA models widgets are updated (Eisenschlos et al., 2021a).

Motivated by Feng et al. (2018), we embed the input perturbation inside the question writing

widget to highlight which words trigger the model predictions. For example, changing “company”

to a different token would be most likely to change the prediction except the answer “Apple.”

Retrieval systems. Users receive real-time feedback on QA systems’ performance on their

questions via the interface’s fine-tuned retrieval and reader model components (the retrieval system

outputs: contexts that elicit QA system predictions). If the target answer appears at the top of the
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Target Answer QA ModelsWikiPedia Page

Write Question

Selected Category

Retrieval Models

Diversity

Figure 3.4: As the target answer to the question should be “Apple Inc,” the interface is updated
with answers from retrieval models with the most relevant sentence and from LMs (e.g., Distilbert,
T5). Also, the highlights are updated by the input perturbation technique.

retrieval widget, which means the author failed to fool the retriever and the reader, authors can

rephrase questions to avoid retrieving information that makes QA systems answer correctly. We

use lightweight sparse and neural retrieval models for writer feedback: a TF-IDF baseline and DPR.

To ensure that DPR predictions are diverse and up-to-date, we create a database that indexes each

sentence in a set of Wikipedia pages (see § 3.4.2). We then use the RoBerta-based FarmReader,

which is fine-tuned on SQuAD (Rajpurkar et al., 2016), to read and sort the retrieved sentences

from the two retrieval models by their relevance.

LM-based QA systems. We enrich the model guidance using extractive and generative model

answer predictions. For extractive QA, we use DistilBert (fine-tuned on SQuAD), since its prompt-

ness and lightness facilitate rapid human-AI interaction. We also use T57 (Raffel et al., 2020) to

7The writing competition was held in Spring 2023, when DistilBert and T5 were considered comparatively strong.
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answer the questions in a closed-book setting.

3.5 Discussion and Analysis on ADVQA

In this section, we show how ADVSCORE can help identify factors that encourage high-

quality adversarial datasets. Effective strategies in ADVQA may guide the creation of more

adversarial questions, and we analyze how the dataset’s realistic aspect can help incorporate

human variability during model evaluation.

Ensuring high-quality adversarial questions. The questions should be adversarial for reasons

that identify model weaknesses, such as the inability to compose clues or exclude redundant

clues (Min et al., 2020, 2022) not because of trivial errors (e.g., grammar mistakes). If the question

meets this criteria, we consider it high-quality. We base our criteria on the taxonomy of adversarial

categories in Wallace et al. (2019). To understand what yielded ADVQA’s high-quality adversarial

questions, manually annotate the adversarial tactics and topics for ADVQA questions (Table 3.4).

With the identified question characteristics, we run a logistic regression model to learn how much

each adversarial tactic or topic contributed to ADVSCORE.8 Since all questions in ADVQA yielded

a positive ADVSCORE, the coefficients in Figure 3.5 reflect how much specific features contributed

to adversarialness, highlighting areas where models need improvement. For instance, the tactic

involving commonsense knowledge on the topic of lifestyle exposed a model weakness (e.g., “Take

away four from a group including Barnard and Smith, and you get what play?”), which had a notably

high ADVSCORE of 0.27.9

8Focusing on assessing adversarialness through IRT, we provide only a basic analysis using pre-assigned features.
Applying advanced IRT models is encouraged for a richer analysis of adversarial factors (Gor et al., 2024).

9The low number of TV & Film questions, likely tied to recent news, confirms that ADVQA focuses on probing
model capabilities rather than time-sensitive knowledge (Table 3.4).
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Adversarial Type Adversarial Tactics

Composing seen clues Contains clues that need to be integrated for the question
to be answered

Logic and Calculation Requires mathematical or logical operators

Multi-Step Reasoning Requires multiple reasoning steps between entities. For
eg: “A building dedicated to this man was the site of the
“I Have A Dream” speech.” A reasoning step is required
to infer : “I have a dream” speech to Lincoln Memorial to
Abraham Lincoln

Negation Contains “not” or “non-” and “no” or any negation entities
that may confuse the model to answer

Temporal Misalignment Contains a specific year, month, or timely event that the
model is confused about or does not know.

Location Misalignment Contains a location that the model is confused about or
does not know.

Commonsense Knowledge Requires information that cannot be answered without
commonsense

Domain Expert Knowledge Requires information that cannot be answered without
domain expert knowledge

Novel Clues Contains information that is in the question but is not
required to answer. These confuse the models.

Crosslingual Contains multilingual aspects that confuse the model.

Table 3.4: We list adversarial tactics to determine how each question is using them to stump the
models. The annotators are given the description and examples to better understand the reasons
why the models may have been stumped. They are expected to tag the examples with the model
prediction and question.

Leveraging human feedback for realisticness. Realism is crucial for an adversarial dataset as it

creates challenges that closely resemble real-world scenarios, effectively testing model robustness

against plausible but diverse situations. This approach enhances the reliability of performance

evaluation as it reflects high variance in collective human ability. For example, not only should the

questions be adversarial, but they should mimic diverse reasoning and problem-solving strategies
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Figure 3.5: The overall distribution of LR coefficients suggests that lifestyle and commonsense
knowledge contribute more to adversarialness than other features. This implies that models
still struggle with commonsense knowledge, highlighting an area where they remain vulnerable
compared to human understanding.

of different people. Our preliminary results revealed that crowdworkers often produced ambiguous

or poorly-formed questions.10 Although ADVSCORE could identify these issues, many examples

were ineffective for assessing model performance. We thus recruit expert trivia writers and guide

them in writing adversarial questions. Then, other trivia editors scrutinize the human-authored

questions’ poor quality (see Table 3.5).

Finally, our human vs. model competition provides an additional quality check, as human

subjects flag potential issues while answering questions. If the subject or the editor considers a

10E.g., "Who led the final siege of Constantinople?" carries ambiguity depending on historical framing (Mehmet
II for the 1453 siege or other leaders in prior sieges).
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Adversarial Tactics Topic Categories
Features Count Topic Category Count

Commonsense Knowledge 8 Art 7
Composing Seen Clues 57 Geography 17
Crosslingual 2 History 33
Domain Expert Knowledge 10 Lifestyle 11
Location Misalignment 10 Literature 19
Logic & Calculation 14 Miscellaneous 31
Multi-Step Reasoning 50 Music 13
Negation 2 Science 12
Novel Clues 24 Sport 17
Temporal Misalignment 5 TV and Film 22

Table 3.5: Statistics of adversarial tactics and topics in ADVQA

question unnatural or ambiguous, we exclude it from our final dataset.11

We emphasize that human responses are especially useful in adversarial evaluation contexts,

as they ensure that adversarial examples are genuinely challenging and realistic. Moreover,

these responses are provided by each individual’s intuition, creativity, and understanding. Thus,

capturing variability is crucial to evaluate the benchmarks that are meant to assess evolving models

aiming for human alignment. Such aspects are what traditional model-generated adversarial

attacks cannot replicate. Ultimately, incorporating human responses adds depth and reliability

to adversarial benchmarks, making them essential in evaluating models’ true progress toward

human-level understanding and their performance.

3.6 Summary

Adversarial datasets offer practical benefits for evaluating models to improve robustness and

performance. Grounded in human feedback, ADVSCORE ensures that evaluations of adversarial

11When tasking human authors with adversarial writing of questions, Wallace et al. (2019) emphasizes the
importance of “who” the authors should be: talented and eager question writers with specific goals; they should
aim to generate questions that stump computers but seem normal enough for humans to answer. To make this work,
they recruit members of the quizbowl community, who have deep trivia knowledge and craft question for quizbowl
tournaments (Jennings, 2007). However, their challenge was to convey what is "normal" to authors and stimulate
examples that can elucidate the weaknesses of QA models.
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benchmarks align with human capabilities by post-hoc assessment of adversarial robustness and

model improvements. Thus, applying ADVSCORE in real-time benchmark construction can aid

in evaluating the robustness of the models, and integrating ADVSCORE into model training can

improve their adaptability to real-world applications. In the next chapter, we shift focus to natural

adversarialness—examples that emerge organically in real-world contexts—to further explore

challenging benchmark construction.
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Chapter 4: Not all Fake News is Written: A Dataset and Analysis of

Misleading Video Headlines1

Following the human-in-the-loop adversarial benchmark introduced in Chapter 3, Chapter 4

shifts focus to a naturally-occurring adversarial benchmark centered on human subjectivity in real-

world misinformation. Specifically, we study the task of detecting misleading video headlines—a

complex, multimodal challenge where human interpretation plays a critical role. To capture this

subjectivity, we develop a hierarchical crowdsourcing framework that models varying perceptions

of misleadingness across both headlines and accompanying video content. By grounding the

benchmark in human judgment, we expose subtle performance gaps in model behavior that would

be missed by traditional, reference-based evaluations. This work demonstrates how subjectivity

can be systematically incorporated into benchmark construction to better assess model robustness

in real-world and ambiguous scenarios.

4.1 Motivation

Social media platforms are used by half of U.S. adults for everyday news consumption,

according to Walker and Matsa (2021). They have even supplanted television as the most common

purveyor of news (Wakefield, 2016). However, content created on these online platforms are
1Yoo Yeon Sung, Naeemul Hassan, and Jordan Boyd-Graber. 2023. Not all Fake News is Written: A Dataset and

Analysis of Misleading Video Headlines. In Proceedings of Empirical Methods in Natural Language Processing.
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often lower quality than traditional sources and more prone to false stories. Vosoughi et al. (2018)

contend that false news spreads six times faster online than offline.

This work focuses on one part of this problem: does a video headline match its content. We

call this misleading video headline detection. In text, this is referred to as incongruent headline

detection (Chesney et al., 2017) and is an important problem because the headline is the first step

to a reader accessing content (dos Rieis et al., 2015). While there have been efforts to identify

misleading information by analyzing textual content in the headline, recent work has shown that

users are more likely to believe fake news when it is accompanied by videos (Wang et al., 2021a).

Hence, it is necessary to investigate content outside the text (e.g., with videos) as it can help

make a more informed decision by directly analyzing the relationship between the headline and

the video.

To understand this new task, we create a new dataset—Video Misleading Headline (VMH)—

that includes 2, 247 news articles labeled as representative or misleading (Section 4.2). A careful

annotation process captures not just whether videos are misleading but why. We investigate videos,

label rationales, and headline meta information (e.g., venues, news topics, and headline properties)

to analyze the features that may contribute towards an instance being identified as misleading

(Section 4.3). Section 4.4 shows that existing models fail to identify misleading video headlines,

showing that this important but difficult task requires further research in both the text and visual

domains.

A misleading headline is when the headline distorts the underlying content (Wei and Wan,

2017) and facts in the news body, leading the audience to imply more or less than what was

actually presented in the content. For example, in our task, the headline “Obama: I’m proud

to be leaving without scandal” does not fully engage the video’s content because the headline
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exaggerates the view of the content; the video plays Obama’s speech that he left the administration

without a significant scandal. This distortion makes detecting misleading video headlines even

more arduous because the video content has to be integrated with the headline subtlety while

assessing headline veracity.

4.2 Video Misleading Heading Dataset VMH

VMH consists of 2,247 video posts from 2014 to 2016. We focus on this period because it

coincided with the 2016 US presidential election, which was rife with disinformation, and is distant

enough from current events that we believe annotators can be more confident about determining

whether claims are true; as even news organizations are not immune to false news (Starbird et al.,

2019).

We harvested Facebook video posts from Rony et al. (2017), where we manually filtered

any video that exceeded five minutes or had low-quality video or sound. The videos in VMH are

average two minutes long. The resulting video posts (example in Table 4.1) come from fifty-two

media venues, including the most circulated print and broadcast media and unreliable media in the

US (Edelson et al., 2021; Samory et al., 2020).

We further collect venue-related information such as venue credibility2 (e.g., High) and

venue kind3 (e.g., Broadcast). Also, we manually assigned news topics (e.g., Politics) inspired by

News Areas4 to each headline. We create audio transcripts (also released in our dataset) using

automatic speech recognition software5 whenever the video is accompanied by intelligible audio.

2Mediabiasfactcheck site
3State of the News Media
4News Topics
5https://deepgram.com
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VMH Dataset

Headline Clinton Says Trump “Making Up Lies” About New FBI Review
Video https://www.facebook.com/watch/?v=10154955844338812

Label Misleading
Rationale The headline implies more than what is introduced in the video.

Subrationale The headline exaggerates the video content.

Annotator ID A2P8V5SKYLL5I4

Annotator Profile Ages 30-49, Black, Democratic, Men, Post college

Venue ABC News

Venue Kind Broadcast

Venue Credibility High

News Topic Politics

Headline Property Factual Statement

Transcript ...is already making up lies about this he is doing his best to confuse misleading
and discourage the American people

Table 4.1: VMH includes video headline, video, annotator’s label, and rationales the label is
grounded. In the video, the part about “New FBI Review” was not present, and thereby annotation
is misleading because the headline was implying more than the video content.
Other features in the dataset include the number of tokens per headline (average 7.75 tokens) and

annotator profile (e.g., gender).

4.2.1 Annotation

We ask Mechanical Turkers to identify misleading video headlines (Snow et al., 2008). We

intentionally assign the annotation task to laypersons to reflect the real-world misleading headline

phenomena. The three annotators undergo labeling and rationale annotation (Chandler et al., 2014).

Label Annotation. We structure the label annotation task as a series of questions to help annotators

engage with the content of the headline and video (Figure 6.1). Because headlines can take different

forms (statements of facts or opinions, questions, etc.), we first ask the user to determine the form

of the headline. We refer to these forms as headline property in the sequel. They then engage with
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Is the headline 
a statement or a question? 

Is the headline 
a factual statement or an opinionated statement or neither?

Based on your own 
knowledge, how would 

you rate the 
statement?

Do you have prior 
knowledge about the 

statement in the 
headline to make a 

judgment (e.g., 
agree/disagree) on the 

statement?

Write down what you 
expect to see in a 

video.

Watch the full Video

Based on the 
information provided 

in the video, how 
would you rate the 

statement? 

Assuming that the 
information provided 

by the video is correct, 
how would you rate the 

following statement?
The video justifies the 

opinion in the headline.

Assuming that the 
information provided 

by the video is correct, 
how would you rate the 

following statement?
The video talks about 

the statement.

Factual Opinionated Neither

Is the headline 
a factual question or an opinionated question?

Write down what you 
expect to see in a 

video.

Factual/Opinionated

Leading Misleading Leading Misleading

True Agree

Assuming that the information provided by the video is
correct, how would you rate the following statement? 

The information provided by the video helps you answer
the question in the headline.

Statement Question

False Disagree

Leading Misleading

Agree Disagree

Leading Misleading

Agree Disagree

Headline: Michelle Obama Gave a Speech to College Freshmen

Watch the full Video

Figure 4.1: In the annotation tree, the annotators first consider if the headline “Michelle Obama
Gave a Speech to College Freshmen" is a factual statement. Next, they answer the question,
“Based on the information provided in the video, how would you rate the statement?” Because
the answer was False, the implied label is misleading. The headline is indeed misleading because
whether “College Freshmean” were present in the video is unclear, making it impossible to assess
the veracity.

the headline in different ways depending on the headline property they selected (i.e., do they agree

with the headline, do they believe the fact is true, etc.). This helps them build a mental model of

the content of the hypothetical video before viewing it. We adopted this format after initial pilots

indicated that merely asking if a video was misleading is too ambiguous.

After the annotator has built a mental model, we ask the annotators to watch the video and

answer whether the information provided in the video is consistent with the annotator’s mental

model of the video. If it is, then it suggests the video is representative: it answered the question

asked by the headline, justified an opinion, or gave evidence of a new event.

In contrast, if the video fails this check, we conclude that the headline is misleading. To

reflect the subtle difference in participants’ opinions, we provide answer options that represent the
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Was there anything other than what you expected in the video?

Yes No

What would make the headline 
misleading?

Please revise/rephrase the 
headline to become misleading.

Write anything in the video that 
you would have liked to be 
mentioned in the headline.

Misleading

Choose which option is correct about the video and the headline.

Leading

The headline does not 
cover all the content of 

the video.

The headline provides 
contradictory 

information of the 
video.

The headline implies 
more than what is 

introduced in the video.

Select why you thought 
this headline does not 
cover all the content of 
the video. If you have 
other reasons, please 

write them down. 

Select why you 
thought the headline 

implies more than 
what is introduced in 
the video. If you have 
other reasons, please 

write them down.

Select why you thought 
the headline provides 

contradictory 
information of the 

video. If you have other 
reasons, please write 

them down. 

• The headline chooses 
specific words that 
cannot be supported 
as fact.

• Some 
specific information 
from the video is not 
at all reflected in the 
headline.

• The headline is not 
providing related 
evidence for the video.

• The headline is 
completely off-topic.

• The headline 
exaggerates the video 
content.

• The headline uses an 
excessively definitive 
tone when the video is 
only suggesting the 
content.

Rationales

Sub-rationales

Figure 4.2: After label annotation, the annotators provide grounding for the misleading labels.
The figure shows how rationales and subrationales are selected in a hierarchical manner.

levels of veracity or agreement with the headline (e.g., True, Mostly True, Mostly False, False, I

don’t know). For the translation to binary labels, we regard the last three answers as misleading.

Rationale Annotation. We then turn to the rationale annotation step. If their label is misleading,

we ask the annotators to provide justifications for their decision (Figure 4.2). For example, when
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an annotator labels a headline as misleading and chooses The headline does not cover all the

content of the video as their rationale for the label, a subrationale is further used to reason the

ways in which the headline might not contain the content. We offer pre-populated rationales to

force objectivity in the annotator’s decision and exploit the rationales more systematically. For

subrationales, we allow the annotator to provide free-form text.

Providing such annotations can improve not just data quality(Briakou and Carpuat, 2020)—

by forcing the annotator to think about their reasoning—but also model accuracy (Zaidan et al.,

2007) for natural language processing tasks. After the annotation is complete, final annotations are

determined using a majority vote from the three annotators(Yang et al., 2015). We do not apply

majority voting for subrationales that include free-form texts.

4.2.2 Quality Control and Assessment

Quality Control. We control the quality of VMH to select good crowdworkers using their accuracy

score on synthetically created accuracy check questions and MACE score (Paun et al., 2018).

Accuracy check questions are synthetically created to be always misleading (obviously false). For

each annotator, we calculate the ratio between the number of correct answers and the number of

accuracy check questions they answered. To determine which users are reliable and to infer the

labels annotators disagree on, we use a latent variable model that explicitly estimates an annotator’s

accuracy. This model, MACE (Martín-Morató et al., 2021) corrects for annotator-level biases (an

annotator might overly favor a particular label, could have low overall accuracy, etc.). We use

the point estimates—mean—from the posterior distributions of latent variables that stand for the

trustworthiness of each worker (details about applying MACE to worker accuracy estimation. We
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Figure 4.3: Qualified Workers by Accuracy Score Threshold. The thresholds of accuracy ratio are
manually assigned to ensure competent workers are recruited after each annotation session.
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Figure 4.4: Qualified Workers by MACE Score Threshold. The thresholds of MACE Score are
manually assigned to ensure competent workers are recruited after each annotation session.

run two annotation sessions to estimate and accumulate qualified workers. In the initial session,

accuracy and MACE scores are considered to combine working agreement with known and inferred

labels (Paun et al., 2018), thereby selectively filtering less competent annotators. Crowdworkers

are invited back only if their accuracy (0.5) or MACE score is high enough (0.6). Each threshold is

empirically assigned. This yields 88 and 13 qualified workers from each metric (Figure 4.3 and

4.4).

Quality Assessment. We report Krippendorf’s α values following Toledo et al. (2019) to quantify

annotation quality. Krippendorf’s α value of the three annotators who passed the accuracy score

threshold are 0.57 for labels and 0.33 for rationales. The Krippendorf’s α values of the workers

who were found to be competent according to the MACE score are 0.68 and 0.21. While the values
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exhibit moderate-to-low agreement, this is expected due to the subjectivity of the annotation task

(Daume III and Marcu, 2005).

4.3 Dataset Analysis

Out of 2,247 video headlines, 1,906 headlines are annotated as representative, while 341

headlines are annotated as misleading, suggesting a high-class imbalance. In this section, we

investigate various aspects of VMH to gain a deeper understanding of features that could potentially

contribute to a headline being classified as misleading. We further investigate the inherent qualities

of VMH by examining annotation patterns in different aspects.

Misleading Features. Figure 4.5 and 4.6 suggest that the venues TruTV and WeAreChange.org

Broadcast Cable Newspaper Website
0

0.25

0.50

0.75

1 17.7% 17.8% 13.4% 33.7%

82.3% 82.2% 86.6%

66.3%

Figure 4.5: Venue Kind Distribution. The venue kind Website were the strongest indicators of
misleading headlines. The red and blue bars denote bar proportions for misleading and leading
labels respectively.

are strong indicators for misleading headlines. Also, videos from the Website venue (as opposed

to traditional media) are likely to be misleading (29%). This suggests that the specific venue and

the kind of venue may help detect misleading headlines.

Clickbait. Misleading videos and clickbait both have the same goal: to entice more people to
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Figure 4.6: Venue Distribution. The venues TruTV, WeAreChange.org were the strongest indicators
of misleading headlines. The red and blue bars denote bar proportions for misleading and leading
labels respectively.

click on the underlying content. A reasonable hypothesis is that they would use similar tricks

to lure in users. Thus, we reproduce the features found by (Dhoju et al., 2019) to be associated

with clickbait headlines such as the number of demonstrative adjectives, numbers, and WH-words

(e.g., what, who, how) for the headlines in VMH. Demonstrative adjectives appear in misleading

headlines (Table 4.2), while numbers and superlative word features are less frequent in our dataset.

Numbers and modal words appear in similar frequencies. Thus, misleading video headlines are

not the same as clickbaits.

Presence RatioClickbait Patterns
Dhoju et al. (2019) VMH (Ours)

Demonstrative Adj 0.80 0.61
WH-Words 0.70 0.40
Numbers 0.72 0.60

Modal 0.27 0.20
Superlative 0.30 0.06

Table 4.2: Clickbait patterns in misleading headlines in VMH to demonstrate the difference between
clickbait detection and misleading video headline task.

Investigation of Bias in Annotation. Because our dataset has many politically relevant videos,

we also ask annotators’ political leanings to see if it biases their annotations. A χ2 test does not
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suggest that annotations and political leanings are dependent (p-value 0.36); indeed the marginal

proportion of misleading videos are comparable (Democratic: 22.9%, Republican: 22.6%, and

Independent: 33%).

We also manually check fifty video headlines to see if their ideologies affected a headline’s

assigned label, finding no substantial consequences. For example, the headline “Charles Blow:

Donald Trump is a bigot”, presumably “anti-Trump”, was annotated Representative by an annotator

with a “Republican” leaning.

Task Subjectivity. Motivated by Section 4.2.2, we examine the annotations that fail to have con-

sensus among annotator decisions: there were 1436 representative and 159 misleading instances

with the perfect agreement, leaving 30% to annotations that had disagreement. In addition to

disagreeing on labels, annotators disagree about why they the headline is misleading (Table 4.3).

Headlines ID Ann. Rationales Subrationales

81 M
The headline does not cover all the The headline is not providing related

content of the video evidence for the video
Lester Holt Interrupted

111 M
Neither of above: The headline provides The headline chooses specific words

Trump Repeatedly contradictory information of the video that cannot be supported as fact

97 R - -

42 M
The headline does not cover all the The headline chooses specific words

Emily Blunt Weighs In content of the video that cannot be supported as fact
On John Kransinskis

45 M
The headline does not cover all the Some specific information from the

Obsession With The content of the video video is not at all reflected in the headline
D...

97 R - -

77 M
Neither of above: The headline provides The headline is not providing related
contradictory information of the video evidence for the video

Did This Man Murder
12 M

The headline implies more than what
The headline uses an excessively

A Beautiful Country
what is introduced in the video

definitive tone when the video is
Music Producer only suggesting the content

10 M
Neither of above: The headline provides (Free Form Input) No mention of her
contradictory information of the video being a country music producer

Table 4.3: Examples of Samples with Subjectivity. The second headline shows that each annotator’s
rationales are different even when the annotations are the same. The third headline shows
an example where annotated subrationales all vary in their content (e.g., free-form text). ID
is Annotator’s ID and Ann. is the annotation result from each annotator (M: Misleading, R:
Representative)
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4.4 Experiments

The misleading headline detection task is challenging because of the inherent subjectivity

of the task. It also necessitates multimodal approaches that can consider both the headline and

the video to make inferences about the nature of the relationship (representative or misleading)

between the two. Hence, in this section, we benchmark both text-only and multimodal approaches

typically used for detecting video-text similarity and video-text entailment tasks.

Experiment Settings. We compare the performance of models when trained with various combi-

nations of input features in our dataset. The features that we consider are headlines (H) and their

associated video clips (V ), transcripts (T ), rationales, and sub-rationales (R).

For textual feature, we concatenate features as: [SEP] – {Headline [SEP] Transcript [SEP]

rationale6 [SEP] sub-rationale}. We also extract embeddings corresponding to two multimodal

models. We use VideoCLIP (Xu et al., 2021b) and VLM models (Xu et al., 2021a) that adopt zero-

shot transfer learning to video-text understanding tasks. VideoCLIP trains a transformer model

using a contrastive objective on paired examples of video-text clips that maximize association

between temporarily overlapping text and video segments (Xu et al., 2021b). In contrast, VLM is a

task-agnostic multimodal learning model that uses novel masking schemes to improve the learning

of multimodal fusion between the text and the video. We finetune a classification layer that takes

input features extracted from video and text-based encoders as described above to predict the label

associated with a given video-headline pair.

Data and Evaluation Metrics. We divide VMH into three sets: 70% for the training set, 15% for

6While gold rationales might not be available during inference, our objective to study them as features are to
highlight and understand if and how rationales can help improve detection accuracy in this task. We leave automatic
prediction of the rationales to future work.
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Evaluation MetricsModel Input
F1-Score Precision Recall AUPRC Accuracy

BERT H 0.16 (0.07) 0.29 (0.14) 0.11 (0.05) 0.17 (0.02) 0.82 (0.01)
H+T 0.16 (0.08) 0.26 (0.11) 0.12 (0.06) 0.15 (0.01) 0.82 (0.01)

VideoCLIP

H 0.16 (0.06) 0.22 (0.05) 0.13 (0.06) 0.17 (0.01) 0.80 (0.01)
V 0.17 (0.03) 0.25 (0.06) 0.14 (0.04) 0.16 (0.00) 0.79 (0.02)
V+H 0.26 (0.09) 0.32 (0.13) 0.24 (0.09) 0.20 (0.04) 0.79 (0.05)
V+H+T 0.21 (0.04) 0.29 (0.06) 0.17 (0.03) 0.17 (0.01) 0.80 (0.01)
V+H+T+R 0.53 (0.06) 0.65 (0.08) 0.44 (0.06) 0.41 (0.05) 0.88 (0.01)

VLM

H 0.18 (0.05) 0.20 (0.06) 0.19 (0.09) 0.16 (0.01) 0.76 (0.04)
V 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.15 (0.00) 0.83 (0.00)
V+H 0.22 (0.06) 0.23 (0.05) 0.22 (0.06) 0.18 (0.02) 0.77 (0.02)
V+H+T 0.23 (0.04) 0.23 (0.04) 0.56 (0.01) 0.17 (0.01) 0.76 (0.01)
V+H+T+R 0.56 (0.03) 0.63 (0.02) 0.52 (0.05) 0.40 (0.03) 0.88 (0.00)

Table 4.4: Benchmark Evaluation Results. Rows for each model shows performance with different
input features: headlines (H), videos (V), transcripts (T), and rationales (R). The reported metrics
are the average F1-score, average Precision score, average Recall score, average AUPRC score,
and average accuracy score of 5 replicates of stratified random splits of the train, valid, and test
sets. The brackets indicate standard deviation for each metric.

the valid set, and 15% for the test set. We evaluate using the following metrics: F1, precision,

recall, AUPRC score, and accuracy. We report the precision and recall scores of the positive class,

misleading. Each metric is estimated by averaging five replicates of stratified random splits.

4.5 Results

Experiment Results. Table 4.4 reports the main results: the multimodal models that use all

the features, {Video Frame + Headline + Transcript + Rationale (V+H+T+R)} result in the best

performance across the board, outperforming text-only based model. Adding rationales that

provide information about the headline and video relationship improves metrics across the board.

F1-scores drop when transcripts are augmented to {Video + Headline} the multimodal models.

This could be attributed to the quality of the transcripts automatically extracted from the videos.

In the next section, we perform an analysis to validate the utility of the multimodal features
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in our dataset in a partial-input setting. Furthermore, we explore how the subjectivity in the task

can affect the model performance.

Partial Input Analysis. Validating a dataset with a partial-input baseline is now important in

multimodal domains (Thomason et al., 2019). Artifacts in the dataset can lead the models to cheat

using shortcut features that can result in poor generalizability (Feng et al., 2019). Thus, in our

case, we also experiment with unimodal settings (partial input) — {Video} and {Headline} —

to ensure that VMH does not contain such artifacts. The results show that using only video or

text-based features result in poor F1-scores (0.16− 0.18) relative to utilizing multimodal features

(F1-score: > 0.22).

Model Subjectivity Analysis. To understand the subjectivity of the task (Section 4.3), we also

report F1-scores on the subset of the dataset, subjective samples (30%), that had low consensus in

the annotation process. Training on this subset, even the best model that utilizes all the features:

{Video + Headline + Transcript + Rationale} only gets an F1-score of 0.12 and 0.10 with the

VideoCLIP and VLM models respectively compared to the F1-scores (i.e., 0.53, 0.56) using the

entire training set. The degraded performance suggests that the difficult instances for humans to

reach a consensus on might not include any reliable features for the model, indicating that high

subjectivity is indeed a factor leading to poor detection.

Video-Text Entailment Analysis. We investigate how the misleading headline detection task

differs from other video-text entailment tasks by comparing entailment properties and annotations.

We use transcripts as video representation and headlines to predict each sample’s entailment

relation. We adopt the RoBERTa NLI model7 to infer the relation between the transcript and the

7fine-tuned on SNLI, MNLI, FEVER-NLI, and ANLI

68

https://huggingface.co/ynie/roberta-large-snli_mnli_fever_anli_R1_R2_R3-nli


Headlines Transcripts Entail Score Answer

The sounds of
emotions

... We use the principles of music to work with
rhythm and melody to regain the functional use of
language. Phrase is if we... ...Nice job. Let’s all.
Well You wanna skip this up? Okay. Do you wanna
skip it or singing it? You wanna try to sing it? Let’s
jump to the chorus. Okay? So darling then. Music is
what emotions sound like ...

✓ 0.71 M

There is a dou-
ble standard

... Is there a double standard when it comes to trans-
parency between Trump and Clinton? Well, of course,
there’s a double standard...He’s doing over a hun-
dred foreign deals and he wants to be both the com-
mander chief and the representative in the world for
the United States... I mean, the difference between
telling somebody you had pneumonia on Sunday in-
stead of Friday is not even in the same league really.
...

✗ 0.20 R

Honor a Vet I
Warfighters

... Having worked with veterans throughout my ca-
reer, I know firsthand the importance of honoring our
troops. This veterans day our series the war fight-
ers and history are partnering with Team Rub con
to create honor event. ...Honor the vets and more
fighters in your life, and share a photo and a story
today. Learn more history dot com honor that. ...

✓ 0.53 R

Table 4.5: Example of Comparison between Entailment Result and Annotations. The first headline
shows high entailment score with the transcript while annotated as misleading with the rationale
of “The headline does not cover all the content of the video”. The second and third headline are
predicted with low entailment score or “not entail” while being annotated as “representative” by
majority annotators.

headline. We average the entailment score between chunked sentences from transcripts and the

headlines to compromise the different lengths. To calculate if there exists any correlation between

entailment predictions and the labels, we conduct a t-test (Gerald, 2018). The p-value is 0.01,

which indicates that the difference between the two is statistically significant.

Table 4.5 shows how entailment decisions contradict the annotator’s judgments. For example,

the first headline shows a high entailment score with the transcript while annotated as misleading

with the rationale of “The headline does not cover all the video content”. The second and third
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headlines are predicted with low entailment scores or “not entail” while being annotated as

representative by majority annotators.

4.6 Summary

This work presents VMH, a dataset of misleading headlines from social media videos. Our

annotation scheme reduces the task’s subjectivity, and we verify the reliability of the annotations.

We believe incorporating the crowd workers’ distinct opinions (e.g., headline types and rationales)

on misleading headlines allows crude reflection of the current social media misinformation

phenomenon. Through their lenses, we anticipate a better understanding of how people perceive

misinformation in misleading video headlines and for future work, use it to generalize the detection

models that are soon to be deployed.

To obtain even more realistic examples for this task, we encourage applying a dynamic

adversarial generation pipeline. Motivated by Eisenschlos et al. (2021b); Wallace et al. (2019),

misleading headlines could be authored by humans guided to break the existing video headline

detection models. For example, while they are writing a “misleading” headline, if the model

falsely predicts the headline as “representative”, it would become an adversarial, realistic example

(Ma et al., 2021a). These examples can prevent the model from learning superficial patterns (Kiela

et al., 2021) and further be developed to become a robust tool for journalists to prevent them from

making “honest” mistakes when writing video headlines (Dhiman, 2023).

In the next chapter, we shift our focus toward evaluating how trustworthy a language model

is by introducing a human-grounded benchmark designed to evaluate model calibration and

robustness through incrementally revealed, human-authored adversarial questions that challenge.
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Chapter 5: GRACE: A Granular Benchmark for Evaluating Model Calibration

Against Human Calibration1

In Chapter 5, we extend the HITL adversarial generation method introduced in Chapter 3 to

develop a benchmark for evaluating and improving the trustworthiness of NLP systems, with a

particular focus on calibration. Since users often treat model confidence as a proxy for reliability,

we investigate how well model confidence aligns with correctness compared to humans. We collect

progressively adversarial examples authored by humans, alongside expert responses and inferred

confidence—estimated via response timing—in a competitive human-AI setting. This enables us

to build a benchmark capturing human and model correctness, confidence, and abstention behavior.

Using these signals, we propose a benchmark and two metrics to systematically compare LLM

calibration to human calibration, revealing that models are typically more overconfident, especially

when incorrect.

5.1 Motivation

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

1Yoo Yeon Sung∗, Eve Fleisig∗, Yu Hope, Ishan Upadhyay, and Jordan Boyd-Graber. 2025. GRACE: A Granular
Benchmark for Evaluating Model Calibration against Human Calibration. In Proceedings of the Association for
Computational Linguistics.
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Figure 5.1: 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 I).
The dataset contains all buzzpoints throughout the competition. Then, CALSCORE measures each
model’s human-grounded calibration performance (§ 5.3).

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., 2024b; Si et al., 2023). 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 (Li et al., 2024a). 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.

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 (Min et al., 2020, 2022), we require that clues

challenge models but remain clear for humans. This format measures model calibration with
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human performance as a reference point: models should give correct answers earlier and more

confidently than humans, while minimizing confidently incorrect guesses (§ 5.2).

GRACE incorporates human responses from our live QA competitions. 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 performance. This unique dataset

is the foundation for a new metric (CALSCORE, § 5.3). 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.

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 (§ 5.4.1). Models struggle with abstract descriptions—they are both

overconfident and inaccurate—but excel in retrieving facts given unambiguous clues (§ 5.4.3). We

conclude with a discussion of how GRACE and CALSCORE can aid in the creation of models

that are more accurate and better calibrated.

In sum, we (1) introduce GRACE, a benchmark that compares LLM and human calibration

to identify LLM calibration failures, and a novel calibration metric using our benchmark; (2)

conduct extensive human response collection, which grounds GRACE in accurate human confi-

dence calibration assessment; (3) ensure that GRACE contains expert-authored and repeatedly

validated questions that are harder and longer than previous work; and (4) analyze human vs.

LLM calibration, finding that, relative to humans, LLMs are underconfident in correct answers

and overconfident in wrong answers.
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5.2 GRACE: Dataset Development

To create our dataset, expert writers and editors first construct incremental, adversarial, and

rigorously quality-checked examples (§ 5.2.1). Then, we collect model guesses and confidences

on these questions (§ 5.2.2), and compare them against human performance in a live competition

(§ 5.2.2.2).

5.2.1 Question Writing Process

Collecting QA pairs from expert writers. Similar to Chapter 3, we recruit experienced question

writers and editors to ensure that questions are high-quality. However, one distinction is that we

target specific questions that can help in calibration measurement. We thus adopt an incremental

structure where the clues become progressively easier with adversarial clues; clues become easier

over time for both humans and models, while still remaining more difficult for models than for

humans. We hire six writers and ten editors to author the questions, following this format.2 The

questions contain 575–650 words3 and cover content across a range of subjects.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 5.2). Because these examples are meant to

2Writers 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.

3We refer to these as questions although they are not grammatical questions, but rather sequences of sentences
with clues uniquely identifying an answer (examples in Figures 5.2 and 5.3).

420% literature, 20% history, 20% science, 15% arts, 15% social sciences, 5% geography and current events, and
5% myth, pop culture, and other.

74



Figure 5.2: 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.

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.5

To ensure that questions remain incremental for models (§ 2.2.1.2), we instruct writers to

write questions so that model’s guess is correct no earlier than the penultimate sentence.6 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 (§ 2.2.1.2) (You and Lowd, 2022; Eisenschlos et al.,

2021a). For example, the second line in Figure 5.2 was originally “This number of characters

5For 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.

6The model’s confidence for correct answers should remain low for all but the last two sentences; clues that trigger
high-confidence, incorrect model guesses are encouraged.
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appear in the name of a Chinese classic,” which the model answered correctly. Instead, the writer

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.7

5.2.2 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 I (Figure 5.3). 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 (§5.2.2.1). 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 (§5.2.2.2).

5.2.2.1 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. 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.

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"

7While we have been using the term clue informally, for the purpose of analysis, we now use the term clue as
a substring of the full question, averaging 13 words or 35 characters, incrementally extending from the beginning.
Clues are split at whitespace boundaries and may contain multiple pieces of information about the answer.
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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 I GPT-4o: “Rodin statues” hangs on a yel-
low 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 Gauguin shows
subject with cropped hair and a red beard. For 10 points, a Dutch artist
I H1: “Van Gogh self-portraits” painted what portraits of himself with

a bandaged ear?

ANSWER: self-portraits of Vincent Van Gogh

Figure 5.3: While GPT-4o buzzes too early with an I incorrect answer , losing 5 points, the
human team (H1) buzzes later with a I correct answer , earning 10 points. Both teams must
balance accuracy and speed; here, GPT-4o shows poorer calibration than H1.

prompt to enhance QA performance.8 Then, we train a TF-IDF model as the retriever with past

quizbowl questions following Rodriguez et al. (2019a). The main goal is to reduce hallucinations

and guide the model to learn the granular clue and guess format.

To determine if model guesses were correct, our post-processing uses both transformer-based

answer equivalence (PEDANTS, Li et al., 2024b), followed by manual verification by dataset

editors. We store the resulting guesses and two forms of confidence from LLMs, token logits9 and

verbalized confidence. Logit-based confidence are the average of the exponentials of the token

logit probabilities, while verbalized confidence prompts models to directly express confidence

in the output tokens. 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., 2023a). On the other hand, recent study shows verbalized probabilities can

8Prompt: 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}. Question: {each clue}. The answer is:

9GRACE answers are short, typically 3-4 words long, making token logits a reliable measure of confidence.
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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 above retrieval-based

prompt and add the instructions from Tian et al. (2023) to return the confidence to attain verbalized

probabilities.10

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.

Precomputed Model buzzpoints. Our metric, CALSCORE (§ 5.3.1), uses the raw confidence

values from continuous probabilities. On the other hand, in our competitions (§ 5.2.2.2), models

can only buzz at a single position. Thus, we turn the continuous confidence into a binary buzz

by thresholding 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., 2016).

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.

To align model buzzing behavior with human tendencies, we estimate the likelihood that a

player has correctly answered a question by a given word position. This estimate helps determine

10Prompt: 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}
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an appropriate threshold for buzzing, enabling fair comparison between human and model perfor-

mance. Following the approach of Rodriguez et al. (2019a), we define π(t) as the probability that

a player has answered correctly by position t in the question, computed as:

π(t) = 1− Nt

N
, (5.1)

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. To make this probability easier to use in practice and

smoother for modeling purposes, we adopt a polynomial approximation:

π(t) = 0.0775t− 1.278t2 + 0.588t3. (5.2)

This polynomial provides a data-driven estimate of how human accuracy evolves as the question

progresses, supporting principled decisions about when a player—or model—should buzz. Using

this estimated human buzzing behavior, we adopt calibrated thresholds to determine when models

should buzz. Specifically, we set the confidence thresholds to −0.03 for GPT models, and −0.05

for Mistral models, allowing for a data-driven approach to determining optimal buzz thresholds.

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:

Offline human guesses. To compute humans’ raw accuracy, independent of confidence (§ 5.4.1),

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
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Algorithm 1 Find model buzzpoints for a question
Input: 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.
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

end if
n += 1

end while

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.

5.2.2.2 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 (§ 5.2.2.1). 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,11 and (3) validating that

questions are human-answerable and unambiguous, as an additional quality check for the dataset.

5.3 Human-Grounded Calibration Evaluation

To compare model and human calibration, we analyze response correctness and buzz

decisions. Then, we introduce a baseline metric, CALSCORE.

This metric differs from the ADVSCORE (Chapter 3) or traditional calibration metrics

(§ 2.1.2) in two important ways. First, while ADVSCORE identifies questions where humans

succeed and models fail, it operates at a binary, dataset-level resolution and does not consider

model confidence. In contrast, CALSCORE evaluates how well a model’s confidence aligns with

its actual correctness on each question, enabling fine-grained, per-instance calibration analysis.

Second, CALSCORE explicitly incorporates human performance by penalizing cases where the

11After the competitions, we survey players about their experience levels and individual strengths. 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.
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model is confidently incorrect on questions that humans answer incorrectly or with low confidence.

This allows us to highlight not just where models are wrong, but where they are overconfident in

ways that diverge from human judgment. Overall, CALSCORE provides a more targeted evaluation

of model calibration, complementing adversarial evaluations by focusing on confidence reliability

rather than just correctness.

5.3.1 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 (§ 5.4.2).

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.
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5.3.2 MCE: Unadjusted model calibration error

As introduced in the § 2.1.2, model calibration reflects how well a model’s confidence aligns

with its actual correctness. Traditional metrics like ECE focus on aggregate trends, but in our

setting—where each question consists of a sequence of clues and both timing and confidence

matter; we require a more fine-grained, per-question formulation.

To address this, we define an unadjusted model calibration error (MCE) that evaluates how

well-calibrated a model is on a single question. 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. r(x) renormalizes our metric to a [0, 1] range:

CALSCORE(x) = 1− r (E [(1− ht)gtct]) .

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
.

Conversely, 1 − r(Et [gtct]) evaluates the model’s calibration error on that question. High-

confidence incorrect answers and low-confidence correct answers result in higher error, indicating

poor calibration on question q.

83



5.3.3 CALSCORE using GRACE

Formulating CALSCORE. To better reflect real-world, competitive QA settings, we extend

MCE by incorporating human buzzing behavior into the CALSCORE. Specifically, we modify

the expectation to weight model calibration more heavily during the portion of the question

before most humans would typically answer. This adjustment simulates a realistic competition

dynamic: in quizbowl, buzzing early with confidence is rewarded—if correct—and penalized

more severely—if incorrect.

To do this, we use empirical human buzz distributions to estimate when the humans would

buzz on a given question. We then apply higher weights to model decisions made before that

human buzzing threshold and lower weights after it. This means the model is rewarded more for

being confidently correct before humans typically answer, and penalized more for being confidently

incorrect based on the same clue. Conversely, when models are cautious or incorrect after the

human buzz point, the penalty is reduced, since humans also struggle at that stage. This facilitates

the identification of specific cases where models are less calibrated than humans. Also, it helps

identify questions where the model is either outperforming or underperforming relative to human

decision timing and confidence, providing a more targeted lens on practical calibration under

competitive conditions.

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-calibrated relative to human buzz performance.12 Conversely, we estimate the expected

12A model is perfectly calibrated when it buzzes with full confidence (ct = 1), is always correct (gt = 1), and
answers before humans buzz correctly (ht = 0), resulting in r(Et [(1− ht)gtct]) = 1.
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Clue (t) CALSCOREc Text Model Guess Correct (y) Confidence

0 −0.27 He was born Eric Arthur Blair. . . Dickens −1 0.3
1 −0.08 This British writer is known for his dystopian

themes. . .
Lorca −1 0.1

2 −0.35 He coined the term “doublethink” and envi-
sioned a regime where “Big Brother” watches
everyone.

Marx −1 0.7

3 0.09 His most famous works include Animal Farm
and 1984.

Orwell 1 0.9

Table 5.1: Clue-by-clue model predictions with confidence scores and correctness. CALSCOREc

is the per-clue score, and the final CALSCORE is computed by averaging and normalizing these
values: −0.27, −0.08, −0.35, 0.09⇒ raw score −0.61, normalized to 0.18.

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]). (5.3)

This adjustment evaluates the model’s calibration error relative to human calibration perfor-

mance 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.

Illustrating CALSCORE. In Table 5.1, CALSCORE first builds on unadjusted model calibration

(MCE), which does not incorporate human data (Section 4.2). MCE penalizes confidently wrong

answers by multiplying correctness (1 or −1) with model confidence (0–1); this captures models

that are confidently wrong, when correctness is negative and confidence is high. CALSCORE then

incorporates human data by the proportion of humans yet to answer correctly, reflecting calibration

relative to human performance.

The overall CALSCORE is computed by averaging the individual scores for each clue

(CALSCOREc). Given the per-clue values of −0.27, −0.08, −0.35, and 0.09, the resulting score is
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−0.61. The final CALScore is 0.18, obtained by applying the normalization (0.82), which is then

subtracted from 1.

5.3.4 CALSCORE2 using GRACE

Defining CALSCORE2. To evaluate model calibration in the context of buzzing decisions, we

introduce CALSCORE2, a secondary metric designed to capture when a model chooses to buzz

relative to both its own confidence and human response behavior.

We frame this as a stick-breaking process: at each time step t, the model decides whether

to buzz (i.e., commit to an answer) or to wait for more information. Buzzing at step t removes

some probability mass from future decisions; the model cannot buzz again, and the remaining

probability is broken off from the total mass. This reflects the constraint that models, like humans

in quizbowl, can buzz only once.

We define the model’s buzz confidence at step t as:

bt = ct

t−1∏︂
i=0

(1− ci).

where ct is the model’s confidence at time t, and the product term ensures that the model has

not already buzzed at any earlier step. This construction guarantees that:
∑︁T

t=0 bt = 1, which

induces a valid probability distribution over buzz positions. The analogy is to starting with a

unit-length stick: at each timestep, a portion bt is broken off and used, reducing the remaining

length available for future buzzing decisions. This formulation ensures that buzzing is a one-shot

process, mirroring the real-world constraint: the model can make a decision only once, and must

allocate its probability mass carefully across time.
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To compare model and human calibration in this setting, we define CALSCORE2, using

human buzz probabilities ht (proportion answering correctly by step t) as a benchmark. Let

Kt = ht

∑︁t
e=0 bege, where the system buzzes correctly before or at step t. The full metric is:

CALSCORE2 =

1−

(︄
T∑︂
t=0

Kt +

(︃
1−

T∑︂
t=0

ht

)︃ T∑︂
t=0

btgt

)︄
, (5.4)

which rewards early correct buzzes relative to humans and penalizes overconfidence when humans

abstain.

Illustrating CALSCORE2. Table 5.2 presents a step-by-step breakdown of a question where

both system and human buzzes are tracked across multiple time steps. At each clue t, the system

Clue (t) Question System Guess Conf. ht bt SHq

0 This author talked about his time fighting fascists in his
autobiographical book Homage to Catalonia.

Lorca 0.1 0.1 0.1 0

1 He discussed his poverty in his essay “How the Poor Die”
and Down and Out in London and Paris.

Orwell 0.7 0.1 0.63 0.06

2 The character of Old Major represented Lenin in his
allegory Animal Farm.

Orwell 0.8 0.2 0.22 0.17

3 For ten points, name this author of 1984. Orwell 0.9 1.0 0.3 0.05 0.27

Table 5.2: Clue-by-clue question details with model guesses, confidence scores, human and
model buzz probabilities, and human-adjusted model scores (SHt). CALSCORE2 computes the
probability of a system buzzing before the humans correctly answer the question. The resulting
score is 0.77.

produces a guess with associated confidence and a probability of buzzing (bt). Simultaneously,

we track the cumulative proportion of human participants who have correctly answered by that

time (ht).

In clue 0, the system guesses incorrectly with low confidence, and only one out of three
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humans has buzzed correctly (h0 = 0.1, approximating 1/3). The human-adjusted score SHt is

zero, as the system’s guess is incorrect. In clue 1, the system correctly guesses “Orwell” with

higher confidence (0.7), while the cumulative human correct rate increases to h1 = 0.1. Since the

system buzzed before most humans had answered correctly, it receives partial credit: SH1 = 0.06.

By clue 2, more humans have answered correctly (h2 = 0.2), and the system again guesses

correctly, further increasing the cumulative adjusted score. Finally, in clue 3, both the system

confidence (0.9) and buzz probability (bt = 1.0) are high, but a larger proportion of humans

(h3 = 0.3) have also answered correctly by this point. As a result, the final score SH3 = 0.27

reflects a lower human-adjusted credit, even though the guess was correct.

The reward for CALSCORE2 for the question is reported at the bottom of the table as

0.53, with the value in parentheses (0.77) denoting the unadjusted baseline. This illustrates how

incorporating human buzz data provides a more realistic measure of model competitiveness under

time pressure. In CALSCORE2, we subtract the reward term from 1 to quantify the model’s

calibration error.

5.4 Model Calibration Evaluation

GRACE helps to evaluate differences between human and model calibration (§5.4.1). We

also validate the dataset’s difficulty granularity and discuss calibration errors using our proposed

metric (§5.4.2) and qualitative analysis (§5.4.3).

5.4.1 Comparing Human and Model Calibration

Buzz performance. To compare human and model calibration, we first examine when and
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Figure 5.4: 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.

whether each team buzzes on the question, as well as the correctness of their answers. Figure 5.4

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 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
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Figure 5.5: 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.

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. 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 (§ 5.2). 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 5.5). 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
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Figure 5.6: 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.)

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

(§5.2.2.1 with human quartiles calculated.

Notably, the bottom three quartiles of humans are less accurate than top models for most

of the question (Figure 5.5), yet still typically outperform models on maximizing correct buzzes

relative to incorrect buzzes (Figure 5.4). 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.. 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 (§5.2.2.1), we estimate
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P (b | g = 1) for each human team. For each player, we calculate Pplayer(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 as the average of Pplayer(b | g = 1) across all surveyed

players within each 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).13 The results indicate that even the

strongest models are less confident than humans on correct answers and more confident on

incorrect ones (Figure 5.6). 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.14

5.4.2 CALSCORE Analysis

We evaluate the calibration error of six LLMs on GRACE using existing metrics (ECE

and Brier scores; Chapter 2.1.2) and CALSCORE (§ 5.3). For each clue in a question, we collect

logit-based and verbalized confidences to compute metric scores.

CALSCORE and CALSCORE2 correlate with ECE and Brier score results (Table 5.3); how-

ever, across both confidence elicitation methods, all models display greater error under two

13For all estimates, we consider only the guess correctness and buzz statistics up to the point when a player first
buzzes, as later guesses do not count in real competitions.

14A small fraction of human participants (n=1) has a sharp spike in incorrect buzzes near the end of a question.
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Verbalized-based Confidence (Sorted by CALSCORE)

Model Brier Score ECE MCE CALSCORE CALSCORE2

GPT-4 0.274 2 0.259 2 0.584 1 0.588 1 0.878 1
GPT-4o 0.266 1 0.224 1 0.601 2 0.604 2 0.900 2
Llama-3.1-70B-Instruct 0.373 3 0.392 3 0.685 3 0.719 3 0.955 3
Llama-2-70b-Chat 0.490 4 0.570 4 0.739 4 0.803 4 0.961 4
Llama-3.1-8B-Instruct 0.623 5 0.693 5 0.774 5 0.843 5 0.978 5
Mistral-7b-Instruct 0.716 6 0.784 6 0.790 6 0.881 6 0.973 6

Logit-based Confidence (Sorted by CALSCORE)

Model Brier Score ECE MCE CALSCORE CALSCORE2

GPT-4o 0.341 3 0.353 2 0.654 2 0.654 1 0.955 2
Llama-3.1-70B-Instruct 0.323 2 0.339 1 0.651 1 0.679 2 0.939 1
GPT-4 0.380 4 0.388 3 0.672 3 0.684 3 0.962 3
Llama-3.1-8B-Instruct 0.302 1 0.397 4 0.675 4 0.718 4 0.965 4
Mistral-7b-Instruct 0.553 5 0.677 5 0.766 5 0.846 5 0.980 5
Llama-2-70b-Chat 0.774 6 0.829 6 0.825 6 0.921 6 0.992 6

Table 5.3: Models are sorted by CALSCORE. Compared to MCE, CALSCORE offers a more
human-aligned assessment of calibration quality.

human-adjusted metrics compared to MCE (CALSCORE without human adjustment). The two

metrics capture errors that existing methods overlook: cases where models underperform relative

to humans by being confidently wrong or underconfident when correct. Thus, CALSCORE and

CALSCORE2 capture 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 the CALSCOREs widens for worse-performing models, suggesting that

weaker models are even more miscalibrated relative to stronger models when factoring in human

performance. Additionally, CALSCOREs report higher errors than ECE and Brier scores across

both confidence elicitation methods for most models, underscoring calibration deficiencies that

previous metrics underestimate.15

15All four metrics use a [0,1] scale; lower is better.
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Thus, CALSCORE and CALSCORE2 reveal that models are often miscalibrated relative

to humans, particularly in high-stakes or early-decision settings. Unlike traditional calibration

metrics, these human-aware metrics expose errors that arise not only from misalignment between

confidence and correctness, but also from misalignment with human behavior, which is consider-

ably critical in real-world AI applications where AI systems interact with or make decisions on

behalf of humans.

This distinction becomes especially relevant as LLMs approach human-level performance.

A model may achieve superhuman accuracy but still exhibit poor calibration if it is confidently

incorrect on examples that humans are uncertain about. In such cases, conventional metrics like

ECE or Brier score may report low error, while CALSCORE and CALSCORE2 reveal substantial

overconfidence. Conversely, a well-calibrated superhuman model would buzz earlier and more

confidently than humans—but only when justified by its correctness—and our metrics would

reward that behavior.

Finally, across both logit-based and verbalized probability-based confidence elicitation

methods, CALSCORE and CALSCORE2 consistently report higher error than ECE and Brier scores

for most models.16 This underscores how human-grounded calibration evaluation can surface

deficiencies that standard methods miss.

5.4.3 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 (Figure 5.7). Models

did best on questions that mention concrete proper nouns closely associated with the answer,
16All four metrics use a [0,1] scale; lower is better.
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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 involv-
ing doubt was added to this statement. This claim, which Pierre Gassendi
criticized for being circular, was presented as an example of a "clear and dis-
tinct" 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"]

Figure 5.7: Sample question on which models are poorly calibrated.

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” an-
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swers 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. These types of confidently incorrect predictions, especially early

in the question when humans have low confidence, lead to large penalties in CALSCORE. For

example, a model buzzing at 10% into the question with high confidence but giving an incorrect

answer might contribute a score of 0.9 (i.e., 90% error) for that instance in CALSCORE, since the

model is confidently wrong while humans have not yet buzzed. This highlights how CALSCORE

penalizes overconfident, early mistakes more heavily than traditional metrics.

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
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outcome of a comparison.

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.

5.5 Summary

For users to trust LLMs, they need assurance that these models will not confidently pro-

duce 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-centered improvements to model

calibration, particularly in cooperative settings where humans and models interact to make joint

decisions. Unlike the competitive setting where calibration errors can lead to early, overconfident

buzzing and incorrect answers, cooperative settings open the door to mitigation strategies that can

reduce the negative impact of miscalibration. This human-AI cooperation allows for dynamic trust

calibration, where AIs can learn to defer, abstain, or adjust their expression of uncertainty based

on the skill or preferences of the human user.
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GRACE contributes actionable directions in this space: it encourages improving verbalized

confidences that support human decision-making, personalizing abstention strategies based on

human skill level, and evaluating these interactions through human-model teaming experiments.

These interventions offer a path toward making AI systems more responsibly aligned with human

expectations and needs.
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Chapter 6: VeriLA: A Human-Centered Evaluation Framework for

Interpretable Verification of LLM Agent Failures1

Finally, in Chapter 6, we move beyond comparing human and model performance to focus

on aligning AI behavior with human-defined values. The previous chapter showed that raw model

confidence is a poor proxy for accuracy, underscoring the limits of confidence-based evaluation.

In this chapter, we turn to uncertainty estimates as a potentially richer signal: by using them as

features for training a verifier, we investigate whether evaluation can move closer to human-like

judgment, capturing both correctness and the nuanced ways humans gauge reliability.

This approach fits within a human-grounded evaluation framework that emphasizes what

users expect from AI agents, underscoring the need for evaluation signals that go beyond raw

correctness. Instead of evaluating agents solely by correctness or skill, we assess their behavior in

a multi-agent system through the lens of user expectations and values, providing a more holistic

foundation for improving human–AI interaction. This shift allows us to evaluate not just whether

an AI is correct, but whether it behaves in ways that are useful and trustworthy in context.

The proposed framework begins by applying user-designed criteria to the system planner in

order to identify agent failures relative to human standards. Building on this, we collect binary

1Yoo Yeon Sung, Hannah Kim, and Dan Zhang. 2025. VeriLA: A Human-Centered Evaluation Framework for
Interpretable Verification of LLM Agent Failures. In Human-centered Evaluation and Auditing of Language Models
workshop (HEAL) of ACM Conference on Human Factors in Computing Systems.
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human annotations of each agent’s decision and train an external model to predict these failures.

By incorporating agent-level features—user-specified evaluation criteria, agent confidence scores,

and structural information from the planner—the model offers interpretable predictions aligned

with user-defined notions of correctness. This granular, user-centric approach not only detects

agent failures as perceived by humans but also yields actionable feedback grounded in the specific

criteria that users care about, supporting more transparent and value-aligned AI systems.

6.1 Motivation

As large language models (LLMs) continue to excel across various fields, they are increas-

ingly used to address complex reasoning tasks through LLM-as-agent systems (Xi et al., 2025;

Wang et al., 2024a). A key application is a LLM-based compound AI system, where a planning

agent breaks a complex task into simpler subtasks, and delegates these subtasks to multiple special-

ized LLM agents (Wu et al., 2022a; Zhang et al.; Zaharia et al., 2024). Each assigned agent must

accurately execute its subtask, as the final agent’s output heavily relies on the previous agents’

outputs and is considered as the final solution of the overall task (Cheng et al., 2024). Failures

in any agent can propagate and cause the overall task failure (Sumers et al., 2023; Jaeger et al.,

2013). While these compound systems demonstrate strong problem-solving capabilities, they face

significant limitations in that they may produce outputs that contradict human expectations, often

requiring human intervention for failure feedback and revision (LangChain, 2013; Arawjo et al.,

2024). However, providing feedback is challenging because agent outputs come from reasoning

that deviates from humans or lack clarity on the cause of failure, hindering users from providing

guidance on remedying execution failures. Moreover, manually reviewing each step is labor
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Figure 6.1: Overview of VeriLA. Our framework operates in three main stages (1) planning where
a planning agent decomposes a task into subtasks using a human-designed agent registry and
generates a plan graph; (2) agent execution where specialized LLM agents perform the subtasks;
and (3) execution verification, which verifies each LLM agent’s outputs based on human-defined
agent criteria, agent uncertainty, and dependency information from the plan structure. We then
assess task failure with aggregation metrics that combine verifier scores. Our framework guides
users to detect task failures efficiently, identify faulty agents, and analyze the root causes of their
failure.
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intensive and not scalable. It forces users to audit each agent’s execution outputs, increasing the

risk of errors. This underscores the need for more systematic and efficient methods for auditing

and supervising compound AI systems with LLM agents.

To address this challenge, our framework consists of three interconnected components: (1)

planning, where a planning agent decomposes the target task into simpler subtasks based on a

predefined agent registry, generating a graph-based plan. The agent registry provides each agent

with clear role assignments and execution guidelines that adhere to human expectations; it defines

the available agent types, specifying for each agent its role and capabilities, and output format;

(2) agent execution, in which LLM agents sequentially perform their designated subtasks, with

success determined by their adherence to the predefined roles; (3) execution verification, where

a verifier module automatically assesses each agent output to ensure its success in fulfilling

its assigned subtask. Our verifier incorporates human-centered judgments on agent outputs along

with its relationship with other agents: an agent’s subtask type, scores based on human-defined

agent criteria, agent uncertainty, and agent’s dependency within the plan structure.

In addition to verifying individual agent outputs, VeriLA evaluates whether the overall

multi-agent plan achieves the correct final answer. It introduces a task-level metric that

aggregates verifier results to identify when task failure stems from specific agent errors.

For example, consider a math problem (Figure 6.2): “Janet’s ducks lay 16 eggs per day. She

eats three for breakfast every morning and bakes muffins for her friends every day with four. She

sells the remainder at the farmers’ market daily for $2 per fresh duck egg. How much in dollars

does she make every day at the farmers’ market?” A planner decomposes this into: (1) Identify

operands from the question (2) Subtract number of egges from breakfast from number of eggs laid

per day (3) Subtract number of eggs used for baking from remaining eggs after breakfast and (4)
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[Agent] Subtract
[Input] remaining 
eggs after 
breakfast, 
number of eggs 
used for baking
[Output]
remaining eggs 
after baking

Janet’s ducks lay 16 eggs per 
day. She eats three for 
breakfast every morning and 
bakes muffins for her friends 
every day with four. 
She sells the remainder at the 
farmers' market daily for $2 per 
fresh duck egg. 
How much in dollars does she 
make every day at the farmers' 
market?

[Task: Solve This Question.] 

[Agent] Subtract
[Input] 
number of eggs 
laid per day, 
number of eggs 
for breakfast
[Output]
remaining eggs 
after breakfast

[Agent] Multiply
[Input] remaining 
eggs after baking, 
price per egg
[Output]
total earnings from 
selling remaining

[2] Agent Execution Output

[Agent] Subtract
[Context]
{eggs laid per day: 16,
eggs for breakfast: 3, 
eggs for baking: 4, 
price per egg: 2},
{remaining eggs after 
breakfast: 5}, 
[Output]
“  ”

[Agent] Subtract
[Context ] 
{eggs laid per day: 16,
eggs for breakfast: 3, 
eggs for baking: 4, 
price per egg: 2}
[Output] 
{remaining eggs after 
breakfast: 5}

[Agent] Multiply
[Context] 
{eggs laid per day: 16,
eggs for breakfast: 3, eggs 
for baking: 4, 
price per egg: 2}
{remaining eggs after 
baking: “5”}
{“  ”}
[Output] 
{total earnings selling 
remaining eggs: “  ”}

[Agent] Identify operands
[Input] Janet’s ducks lay 16 eggs per day. She eats…
[Output]
number of eggs laid per day, number of eggs eaten for 
breakfast, number of eggs used for baking, price per egg

[Agent] Identify operands
[Context] Janet’s ducks lay 16 eggs per day. She eats…
[Output]
{eggs_laid_per_day: 16, eggs_eaten_for_breakfast: 3, 
eggs_for_baking: 4, price per_egg: 2}

[1] Planning Agent Output 

Figure 6.2: Example of agent’s failure propagating to overall task failure. For example, based on
the generated plan from the planning agent, each agent should accurately execute their subtasks.
The first “subtract” agent failed to calculate the remaining eggs, causing subsequent “subtract”
and “multiply” agents to lack the necessary context for a successful execution (three red boxes).
An agent-specific verifier can help users trace the error propagation, identify the root cause of the
error, and understand how it led to the task failure.

Multiply remaining eggs after baking and price per egg.

If the first agent incorrectly outputs 5 instead of 13, the final answer will be wrong. VeriLA

identifies this failure and attributes it to the first agent. This approach supports goal-based verifi-

cation and error attribution, moving beyond accuracy to structured, human-aligned evaluation.

We introduce a metric that aggregates verifier results across agents to identify failed tasks due

to agent failures. By leveraging the plan’s graph structure, it enables targeted analysis of verifiers

and failure criteria, streamlining failure detection. To evaluate our framework, we conducted a case

study on a complex reasoning task—solving mathematical reasoning problems—demonstrating

its effectiveness and practical applicability to AI practitioners.

In summary, VeriLA enables detailed auditing of agentic systems to ensure transparency

in agent failures, reducing manual review efforts, and strengthening trust between users and

compound AI systems. Beyond merely automating the validation of each agent’s success, we hope

for a collaborative problem-solving between human and LLM agents by tailoring agent workflow

to human needs.
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6.2 VeriLA: Framework for Verifying LLM Agents in Compound AI Systems

We propose an evaluation framework that aims to assist users in auditing and interacting

with compound AI systems. During users’ inspection of overall task failures, they can detect each

agent’s execution failures, and quickly and clearly understand the reasons behind the failure. This

enables them to provide actionable suggestions for planning or execution revisions.

6.2.1 Planning

In a compound AI system, a planning agent’s role is to decompose a task into a sequence of

subtasks, assign them to specialized agents—which are typically predefined in the system’s agent

registry—and generate a plan to solve the task.2

To curate an agent registry that aligns with the human reasoning process, we first ask AI

practitioners to curate a system’s agent registry tailored to the target application. They register

each agent with a specific role, along with its expected input and output. For example, in a math

reasoning task, an “Add” agent is responsible for summing given operands, where the input is a

list of numbers, and the output is a single sum (Table 6.1).3 Then, they identify the most common

agents and craft their roles, inputs, and outputs. Using this agent registry, the planning agent

decomposes a given task into subtasks and delegates them to appropriate agents (Upper left in

Figure 6.1). This later helps users in diagnosing each agent’s failure; it informs them whether the

agent was executed appropriately based on its role and has a proper output format.

Then, our planning agent generates a plan with a directed acyclic graph (DAG) format,

2The planning agent is not registered in agent registry and thus does not participate in the plan.
3To guide practitioners on the necessary agents and their required functionalities, we use Chain-of-Thought (CoT)

prompting to generate a pool of agent candidates. We provide the AI practioners to examine 50 samples resulting
from one-shot promoting, and determine which agents are adequate for math reasoning application.
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where each node represents an agent, and directed edges show input-output dependencies between

the nodes (example in Appendix 8.1). This graph-based planning ensures that the task complexity

is decomposed into an interrelated sequence of simplified subtasks. Then, each subtask is assigned

to an appropriate agent with specific inputs and outputs, mirroring how humans often approach

complex tasks (Ghallab et al., 2004). This decomposition reflects a natural progression from earlier

chapters: while Chapters 3 and 5 focused on single-turn QA tasks and calibration errors in isolation,

here we shift to evaluating multi-step reasoning tasks that demand structured coordination among

multiple agents. By assigning each subtask to a specialized agent with defined inputs and outputs,

our framework mirrors how humans approach complex problems—delegating responsibility,

verifying intermediate steps, and aligning behavior with shared expectations (Ghallab et al., 2004).

Planning agents also generate instruction prompts for each agent, reflecting its role and

input–output format. These prompts should be closely tied to the original task, reducing the risk

of agents hallucinating or forgetting the trajectory needed to solve the task.

6.2.2 Agent Execution

Agents execute assigned specific subtasks and instruction prompts from the generated

plan. Additionally, they receive relevant context information as input which includes relevant

outputs produced from the preceding agents. Because agents can fail during execution, users must

intervene to correct errors and prevent an agent’s failure from propagating to overall task failure.

For example, in Figure 6.2, as the first agent incorrectly computed, a human annotator can step in

after the first step, flag the mistake, and correct the value to 13. This correction is then used as

the input for the next agent, allowing the overall task to succeed despite the initial failure. Thus,
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human annotation in this setting is not just for labeling final answers but debugs the reasoning

process, ensuring alignment between agent execution and user expectations.

However, manually auditing whether an agent has fulfilled its subtask is both cumbersome

and cognitively demanding for users. Thus, we introduce a agent-specific verifier in the next

section.

6.2.3 Execution Verification by Human-Aligned Agent Verifier

Our agent verifier autonomously evaluates agent executions and flags potentially incorrect

results, enabling users to focus only on the problematic agents within the plan. Although some self-

verifying agents exist (Sun et al., 2023; Madaan et al., 2024), we question their reliability (Stechly

et al., 2024), lack of contextual understanding (Prasad et al., 2024), and insufficient human

alignment (Goyal et al., 2024).

To address these issues, we build a separate evaluation module that can verify each agent’s

execution failures. This module functions as a binary classifier, trained on multiple features such

as human-defined agent criteria, agent uncertainty, and plan structures with subtask types. We use

GPT-4o for all experiments, employing a temperature setting of 0.7 for consistency-related metrics

to obtain as diverse answers as possible, and a temperature of 0.1 for the remaining experiments

(Xiong et al., 2024b). To balance verifier’s autonomy with human-designed criteria, we integrate

external LLM judge scores that are assessed with human-defined criteria:

• Per-criteria scores by LLM judges These features are introduced to measure the success-

fulness from human perspective (details in Table 8.2). We prompt an LLM to score the

execution results based on these predefined criteria per subtask. For example, the execution
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result of an “add” excutor, "9 apples", might be evaluated with the following binary scores:

{"accuracy of numerical value": 1.0, "sufficiency of context information": 0.0, "adherence to

format": 1.0}. By assessing the correctness of the LLM executor’s outputs and using these

evaluations as features in training a verification agent, we ensure that the agent’s detection

is grounded in reliable, human-aligned guidelines.4

These criteria are carefully tailored for each agent to ensure that expectations align with human

standards. This way, our verifier ensures that each agent aligns with human expectations and is

evaluated according to users’ specific needs (Liao and Xiao, 2023). For instance, the “Subtract”

agent’s execution is evaluated not only on the accuracy of summation but also on its adherence

to the expected format (e.g., number) and sufficiency of context information for the subtask

(Figure 6.2). Grounding agents’ evaluation in predefined criteria permits objective judgment and

clarifies failure reasons.

Additionally, we integrate three LLM uncertainty estimation techniques: verbalized con-

fidence, logit-based confidence, and confidence based on self-consistency. This is under the

assumption that lower certainty often correlates with a higher likelihood of errors or deviations.

This builds directly on the uncertainty modeling approaches introduced in Chapter 5, where we

showed that a model’s confidence, whether expressed explicitly through language or derived

from logits, can be informative but often miscalibrated. Despite these limitations, confidence

still provides useful relative signals about reliability, especially when aggregated across agents or

supplemented with additional cues like self-consistency. For example, an agent that expresses low

verbalized confidence or produces highly inconsistent outputs across generations can be flagged

4Given that each subtask has a varying number of criteria, we create a one-hot vector to indicate the specific
subtask to which each sample refers. This vector is then concatenated with a matrix containing the union of criteria
columns across all subtasks, populated with the corresponding binary values from the execution result.

107



as uncertain and potentially inaccurate. Rather than treating confidence as an absolute indicator

of correctness, we use it as a heuristic for identifying points of potential failure that may warrant

human attention or intervention.

• Verbalized confidence (Xiong et al., 2024b) reflects how confident the executor module is

about its output, often derived from explicit confidence scores or qualitative indications of

certainty (e.g., “0.7”).

• Logit-based confidence (Huang et al., 2023b) reflects the average of the exponentials of

the token log probabilities (LP):

LPavg =
1

N

N∑︂
i=1

p(sj | xi) =
1

N

N∑︂
i=1

exp(log p(sj | xi)), (6.1)

where N is the number of tokens and log p(sj | x) =
∑︁j

i=1 log p(si | s<i), where si is the

i-th output token and s<i denotes the set of previous tokens. We denote log p(sj | xi) as

token log probability.

• Softmax-based confidence reflects the average of softmax values across the generated

tokens, providing a measure of the overall uncertainty of the model based on the top-k token

log probabilities:

Softmaxavg =
1

N

N∑︂
n=1

exp(zn)∑︁k
i=1 exp(zn,i)

, (6.2)

where zn is the token log probability and N is the number of tokens.

• Entropy-based confidence (Huang et al., 2023b) reflects the average of entropy values

across the generated tokens, providing a measure of the overall uncertainty of the model
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based on the top-k token log probabilities:

Entropyavg =
1

N

N∑︂
n=1

(︄
−

k∑︂
i=1

exp(zn,i)∑︁k
j=1 exp(zn,j)

log

(︄
exp(zn,i)∑︁k
j=1 exp(zn,j)

)︄)︄
, (6.3)

where zn is the token log probability and zn,i is the i-th top log probability.

• Features from the a separate LLM evaluator capture the uncertainty in its assessment of the

initial LLM execution.

– Verbalized confidence from external LLM evaluator is attained directly from the

external evaluator’s generated response.

– Logit-based confidence from LLM evaluator is attained by the exponential of the

logit value of the LLM evaluatorś verification assessment (e.g., logit value of the

TRUE).

• Features using self-consistency (Wei et al., 2022) technique; we run the same prompt five

times and aggregate the confidence values in the following ways:

– Self-consistency (Type A): frequency (Yona et al., 2024) measures the confidence

of the executor module by the degree of agreement among the candidate outputs and

integrates the inherent uncertainty in the model’s output (Xiong et al., 2024b):

Confidencefreq =
1

M

M∑︂
i=1

1{agreement(Ŷ i,Ỹ )>θ}, (6.4)

where 1{condition} is the indicator function that returns 1 if the candidate answer Ŷ i is

consistent with the initial execution result Ỹ based on the agreement threshold θ, and
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0 otherwise. Here, M denotes the number of candidate answers, and θ is the threshold

for agreement. We use the answer equivalence package PEDANT (Li et al., 2024c)

with their recommended threshold of 0.5 to assess the agreement.

– Self-consistency (Type B): verbalized confidence (Xiong et al., 2024b) measures

the average verbalized confidence among the subset of candidate answers identified as

correct.

Confidenceverb =
∑︁M

i=1 C
verb
i · 1{correctnessi=1}∑︁M

i=1 1{correctnessi=1}
, (6.5)

where M is the total number of candidate answers and Ci denotes the verbalized

confidence of candidate answers.

– Self-consistency (Type C): logit-based measures the average logit-based confidence

among the subset of candidate answers identified as correct.

Confidencelog =
∑︁M

i=1 C
log
i · 1{correctnessi=1}∑︁M

i=1 1{correctnessi=1}
, (6.6)

where M is the total number of candidate answers and Ci denotes their average log

probabilities.

Finally, we include each agent’s subtask type and its position within the plan’s DAG structure,

by using subtask categorical encoding and features like the number of preceding nodes to capture

dependency relationships between agents:

• Subtask type is represented as one-hot encoding for all subtasks in our taxonomy.

• Features on Plan Structures
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– Number of preceding subtasks is the number of previous subtasks that this subtask

is depending on (i.e., in-degree). We incorporate this feature to reflect the dependency

information between subtasks within the plan.

– Source distance measures the shortest chain length to reach the current subtask as a

proxy for node importance.

These structural features enhance our verifier’s ability to assess execution reliability within the

overall task.

Ground Truth to Train Agent Verifier. We use human-annotated labels as ground truth to train

our agent verifier. These labels indicate whether a given agent output satisfies its assigned subtask,

based on human expectations. By learning patterns in agent behavior and associated execution

features from this labeled data, the verifier predicts whether a given agent is likely to succeed or

fail in future runs.

These annotations are collected as part of a structured evaluation process in our multi-agent

setting. For each completed task, human annotators assess the correctness of individual agent

outputs by referencing: the original user-defined task goal (e.g., a GSM8K math problem), the

graph-based plan and the agent’s specific subgoal (from the planner), and the agent registry, which

defines the expected capabilities, role, and output format of each agent type. They are provided

with the same criteria used by LLM judges, such as correctness, completeness, and format

consistency to provide respective scores for each criterion.

Annotators are provided with full execution context (including prior agent outputs if needed)

and explicit instructions for how to determine whether an agent’s output satisfies its subgoal.
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6.2.4 Aggregation Metrics for Overall Task Failure Prediction

To support human-agent interaction, we guide users in identifying task failures when de-

composed and executed by agents. Our verifier predicts potential failures and provides confidence

scores for each agent’s execution, which we use to assess overall task success. We propose

several aggregation metrics to aggregate individual verifier scores. The metric scores represent the

likelihood of overall task success, with higher scores indicating a greater chance of success.

We begin with simple methods such as selecting the lowest score among all subtasks (min

aggregator), highlighting the weakest agent execution; and computing the arithmetic average of all

scores (mean aggregator), providing a balanced view of subtask performances.

We consider the relative importance of agents within the plan structure, as overall task

performance depends on how effectively an agent’s output transfers to others. To capture this, we

propose two structural metrics for weighting agent scores. The distance-based metric emphasizes

agents positioned closer to the source or sink nodes in the plan graph, under the assumption that

these agents play a more critical role in the execution flow. This metric weights each agent’s

score inversely proportional to its distance from either the source or sink node (source distance

or sink distance aggregator), ensuring that agents with greater structural influence have a higher

impact on the aggregated score. Given the overall task T consisting of subtasks fulfilled by agents

{S1, S2, . . . , Sm}, we denote the i-th agent Si’s verifier score as ŷi, which is predicted based on

features extracted from its execution outputs.

AggScoredist (ŷ1, ŷ2, . . . , ŷm) =

∑︁m
i=1

ŷi
di∑︁m

i=1
1
di

, (6.7)
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Agent Role Input Output Output Format

Identify Operands Identify operands with text descrip-
tion of each operands

Math question List of operand names with
their values

{<name>: Num-
ber, ...}

Add Add numbers or dates List of operands One summed value Number or Date
Subtract Subtract numbers or dates List of operands One subtracted value Number or Date
Multiply Multiply numbers List of operands One multiplied value Number
Divide Divide numbers List of operands One divided value Number
Filter Filter a list based on a condition List, condition Filtered list List
Sort Sort a list by an attribute List, attribute Sorted list List
Convert Format Convert input from one format to

another format
Text, format Formatted text Text

Date Lookup Identify year, month, and day from
a natural language description

Text Date Date

Table 6.1: Human-designed agent registry for mathematical reasoning tasks. To guide practition-
ers on the necessary agents and their required functionalities, we use Chain-of-Thought (CoT)
prompting to generate a pool of agent candidates. Then, they identify the most common agents
and craft their roles, inputs, and outputs. Using this agent registry, the planning agent decomposes
a given task into subtasks and delegates them to appropriate agents.

where di denotes the shortest path distance from agent Si.

Similarly, the degree-based metric assigns higher weights to agents with greater connectivity,

reflecting their influence within the overall plan structure. It weights each agent’s score based on

the indegree or outdegree (indegree or outdegree aggregator) of its node:

AggScoredeg (ŷ1, ŷ2, . . . , ŷm) =

∑︁m
i=1 degi · ŷi∑︁m

i=1 degi

, (6.8)

where ŷi represents the prediction score for subtask Si, and degi denotes the degree (either indegree

or outdegree) of subtask Si in the plan DAG.

We later assess the accuracy of the aggregated verification results by comparing the task’s

gold label, indicating actual plan success, with the final agent label predicted by the verifier. This

comparison evaluates how effectively the verifier is aggregated to predict task failure (§ 6.3.3).
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6.3 Case Study: Mathematical Reasoning

We demonstrate the effectiveness of VeriLA on mathematical reasoning tasks. Math rea-

soning problems can be naturally decomposed into step-by-step plans, allowing us to focus on

evaluating agent execution failures while ensuring that the results are easily verifiable by humans.

6.3.1 Experiment Setting

6.3.1.1 Datasets

We evaluate our pipeline on four math reasoning datasets: GSM8K (Cobbe et al., 2021)

and Date Understanding (C3), Multi-Step Arithmetic (C11), Object Counting (C13) from BIG-

Bench Hard (BBH) (Suzgun et al., 2023). The GSM8K dataset consists of grade-school-level

math word problems written in natural language, whereas the Multi-Step Arithmetic dataset is

presented in equation format and involves more complex problems that require multiple steps.

Date Understanding focuses on reasoning about and performing operations with dates, while

Object Counting involves enumerating objects of interests.

6.3.1.2 Planning and Agent Execution

For each task, our planning agent generates a DAG plan to solve it using a human-designed

agent registry (detailed in Table 6.1). We manually filter out instances where the generated plans

are invalid,5 keeping only those with valid plans. The average number of subtasks per plan is

four for GSM8K, 3.5 for Date Understanding, 2.5 for Object Counting, and 5.6 for Multistep

5We consider both structural validity (e.g., missing dependencies between subtasks) and semantic correctness (e.g.,
incorrect agent assignment or faulty instructions).
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Arithmetic. Each subtask in a plan is then executed by an assigned agent. Both the planning agent

and agents in agent registry use GPT-4o with a temperature of 0.1. All prompts for planning,

execution, and verification are provided in Appendix 8.2.

6.3.1.3 Agent Execution Verfication

Gold (Execution Failure) Label Annotation. To train the verifier, human annotators label agent’s

execution failures based on agent criteria, expected inputs and outputs, and input information

(§ 6.2.3). For GSM8K, we collected 1,975 subtasks from 497 tasks, each subtask labeled by three

annotators from crowdsourcing. We used MTurk platform to recruit crowdworkers for labeling

the GSM8K dataset. They label whether an agent’s execution has failed, based on its assigned

criteria, expected inputs and outputs, and available context information (§ 6.2.3). The annotation

task involves assessing whether the agent’s response correctly fulfills its subgoal, given what it

was instructed to do.

For example, consider a math problem decomposed into subtasks, where one agent is

assigned the subgoal: “Multiply 7 by 8.” The input provided is the number 7 and the instruction to

compute 78. If the agent outputs “56,” the annotator marks this as correct. If the agent instead

responds with “14” or “I’m not sure,” the annotator marks this as a failure (Example in Figure 8.1).

For each instance, three labels were collected from workers who passed the qualification test.

Due to low inter-rater reliability (Fleiss’ kappa: 0.41), only unanimously labeled samples (973

subtasks) were retained for training.6 For the BBH datasets, the three authors handled annotations

6Unlike subjective judgments about deception or intent (Chapter 4), agent verification in our setting is grounded in
well-defined task structures, such as whether a numerical computation or string-matching operation was executed
correctly. Disagreements here typically signal confusion or inattentiveness, rather than divergent interpretations of a
fuzzy concept.
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ADD

DIVIDE

IDENTIFY OPERANDS

MULTIPLY

SUBTRACT

0.20.40.60.81.0

GSM8K

ADD

CONVERT FORMAT

DATE LOOKUP

IDENTIFY OPERANDS

SUBTRACT

0.20.40.60.81.0

Date Understanding (BBH)

ADD

FILTER

IDENTIFY OPERANDS

0.20.40.60.81.0

Object Counting (BBH)

ADD

MULTIPLY

SUBTRACT

0.20.40.60.81.0

Multistep Arithmetic (BBH)

Figure 6.3: Verifier accuracy across datasets. The test accuracy remains consistently high across
subtasks, without bias toward any specific one. Similar subtasks, like "Add" and "Subtract," which
share the same criteria, also show comparable accuracies across all datasets.

to ensure quality while reducing costs.

Feature Collection. We extracted 26 execution features as described in § 6.2.3. For self-

consistency, we used the same model as the corresponding execution agent with a temperature

of 0.7 to generate diverse outputs, following Xiong et al. (2024b). For external LLM judges, we

employed GPT-4o with a temperature of 0.1.
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6.3.2 Verifier Results for Agent Failures

Using features from all agent outputs in the plan, we train a simple machine learning model,

Random Forest model, which achieve a high average accuracy (0.88%) across four datasets.,7

suggesting the verifier’s effectiveness in identifying failed agent executions.

Next, we investigate whether its performance varies across different agents. As shown in

Figure 6.3, the test accuracy remains consistently high across various subtasks except “identify

operands” in GSM8K where agents often struggle with accurate formatting. Moreover, similar

subtasks—such as “Add” and “Subtract”, which share the same subjective criteria—exhibit

comparable test accuracies across all datasets, suggesting their generalizability to other tasks.

To further analyze verifier behavior, we conduct an ablation study with different features to

predict agent execution failures. Our verifier achieves the highest performance with all features

included while excluding any single feature leads to a drop in performance (Figure 6.4). This

suggests that the features provide complementary information, each playing a distinct role in

model accuracy. Notably, the agent criteria features has the largest performance drop when

removed, suggesting that incorporating human-defined agent criteria from external LLM judges

improves the verifiers’ ability to align their predictions with human priorities. On the other hand,

the consistency-related features had minimal impact on performance, implying they may be less

critical.
7We compared several ML models and select the one with the highest accuracy. We train agent verifiers separately

for each dataset using the following machine learning models: Logistic Regression (Cox, 1958), SGD Classifier (Bot-
tou, 2010), Decision Tree (Breiman et al., 1986), Random Forest (Parmar et al., 2019), AdaBoost (Schapire, 2013),
XGBoost (Freund and Schapire, 1997), Gaussian Naive Bayes (GaussianNB) (John and Langley, 1995), and Multi-
Layer Perceptron (MLP) (Rumelhart et al., 1986). Among all tested models, the random forest classifier with 100 tree
estimators achieved the highest average accuracy among other models in four datasets (0.88).

117



0.0 0.2 0.4 0.6 0.8 1.0
Mean CV Test Accuracy

All

All But Subtask Type

All But Uncertainty

All But Consistency

All But Agent Criteria

All But Plan Structure

Only Subtask Type

Only Uncertainty

Only Consistency

Only Agent Criteria

Only Plan Structure

Figure 6.4: Ablation study on different feature configurations evaluating verifiers’ test accuracy.
Human-defined agent criteria feature enhances its performance, showing the highest accuracy
when all features are used.

6.3.3 Aggregator Results for Overall Task Failures

To predict whether the overall task is failing, we present a few aggregation metrics (ag-

gregator), which combine subtask verification scores, that function as a task-level verifier.8 By

leveraging the aggregated score from the task verifier, users can prioritize and investigate tasks

that are most likely to generate false LLM outputs. They can then analyze the reasons behind a

task’s failure by examining the flagged subtasks identified by the agent verifier.

Figure 6.5 shows task-level verification performance from different aggregation methods,

with lower score indicating a greater chance of failure. x-axis represents percentiles of ranked

aggregation scores, and y-axis shows the cumulative ratio of detected failures within each percentile

relative to all failed tasks. The curves closer to the top-left corner indicate better performance.

8A task is considered successfully solved if the last step’s execution output is linguistically equivalent (Li et al.,
2024c) to the gold answer from the original dataset.
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Figure 6.5: Aggregation performance measured by failure rate across aggregation score percentiles.
They all show an upward trend, suggesting that they can help users prioritize tasks more likely
to fail, when the labor budget is limited, allowing auditing of high-risk tasks first. Overall, mean
and outdegree showed stable performance across datasets and can be used as default aggregation
metrics for new datasets.

Sink distance aggregator identified all failures fastest in object counting but was slowest in

date understanding. Source distance aggregator generally outperformed sink distance, except in

GSM8K. This suggests that, for GSM8K, proximity to the starting nodes is a stronger indicator

than proximity to the final node; GSM8K’s typical first subtask—identifying operands—is a

common source of error. Although no single aggregator consistently outperforms others across all

datasets, they all show an upward trend, suggesting that they can help users prioritize tasks more

likely to fail. This can be especially useful when labor is limited, allowing auditing of high-risk

tasks first. Overall, mean and outdegree showed stable performance across datasets and can be

used as default aggregation metrics for new datasets.
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6.4 Summary

In this work, we introduce VeriLA, a human-centered evaluation framework that verifies

agent execution failures; this encourages reliability and interpretability in humans using compound

AI systems. By applying a verifier that assesses each agent’s outputs through a combination of

human-defined criteria, agent output uncertainty, and agent dependencies within the plan. Thus,

VeriLA also captures error propagation within the plan, facilitating better human-agent interaction.

We also present a verifier-driven task failure metric that help users detect tasks prior to their

auditing. Thus, VeriLA enhances accountability on agent performance and labor efficiency by

enabling granular human inspection of failing agents and the underlying reasons for their failures.

VeriLA thus brings together themes from earlier chapters—gap between model and human

expectations and calibration—and operationalizes them in a multi-agent context. In the next and

final chapter, we reflect on the broader implications of the findings that were discussed until now,

discussing challenges in human-AI evaluation and outlining key directions for building more

trustworthy, user-aligned AI systems.
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Chapter 7: Conclusion and Future Directions

7.1 Conclusion

This dissertation proposed a human-grounded framework for evaluating and improving

NLP systems, addressing the gap between benchmark performance and real-world user needs.

As LLMs continue to be integrated into high-stakes settings, current evaluation methods, which

focus on accuracy or benchmark performance alone, are insufficient. This dissertation tackled

this challenge across four main directions: creating human-grounded adversarial benchmarks,

capturing subjectivity in natural language tasks, aligning model calibration with human judgment,

and detecting errors in multi-agent systems using user-defined standards.

In Chapter 3, we introduced an adversarial dataset generation framework for constructing

adversarial examples that reveal human–model performance gaps. Using IRT and expert-authored

QA data, we proposed a metric that measured adversarialness based on the gap between human

answerability and model failure. This method allows benchmark designers to systematically

construct examples that remain challenging and relevant over time, especially as models improve.

By targeting cases that humans find easy but models find hard, we avoid benchmark saturation

and create principled adversarial evaluation pipelines grounded in human ability.

In Chapter 4, we extended adversarial benchmarking into real-world contexts by examining

misleading video headlines. This task surfaces a distinct kind of adversarialness, stemming
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from subjective and interpretive disagreement. We proposed a human-in-the-loop annotation

pipeline to model these disagreements, treating them as informative rather than noisy. This chapter

demonstrated that in high-stakes tasks like misinformation detection, it is critical to model human

perspectives and ambiguity to surface realistic model limitations.

Chapter 5 turned to the issue of model trustworthiness and user overreliance. We introduced

GRACE, a benchmark and metric designed to evaluate how well LLM confidence aligns with

human judgments, by comparing models and human experts in a competitive QA setting with

abstention, latency, and correctness signals. We showed that models are often overconfident when

wrong, in ways humans typically are not. This overconfidence poses real risks in user-facing

scenarios. We proposed new metrics, such as CALSCORE and CALSCORE2, that penalize model

overconfidence relative to human abstention behavior, and highlighted opportunities for improving

trust through confidence modulation and better verbalized uncertainty.

Finally, while GRACE addresses trust issues in single-LLM settings by aligning confidence

with human expectations, multi-agent systems introduce a new layer of complexity: reasoning is

distributed, failure is harder to localize, and outputs are often opaque to users. Chapter 6 addressed

a growing concern: the complexity and opacity of multi-agent AI systems. While such systems

can decompose and solve complex tasks, they often fail in ways that are difficult for users to

diagnose. We introduced VeriLA, a verification framework that uses human-labeled agent-level

correctness, planner structure, and confidence cues to identify and predict execution failures. This

approach supports fine-grained, interpretable evaluation of multi-agent chains, enabling users to

debug failures and intervene, thus improving overall system accountability.
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7.2 Future Directions: Toward Human-Grounded Real-world AI

We hope that this dissertation lays the groundwork for future research in developing evalu-

ation frameworks and AI tools that are deeply aligned with user expectations; not only in what

they achieve, but in how they behave, explain themselves, and fail. The following research

directions reflect a multi-year agenda for building robust, trustworthy, and user-aligned language

technologies.

While GRACE and ADVSCORE focused on developing evaluation metrics and benchmarks

to assess models, it primarily emphasized quantitative skill levels without fully accounting for the

perspectives of diverse stakeholders, particularly experts from interdisciplinary domains. Moving

forward, I aim to develop richer and more nuanced representations of model skill by comparing

domain experts’ mental models and expectations to the actual behavior of language models. This

comparison will enable more robust assessments of model reliability, especially in high-stakes

contexts where expert reasoning is the benchmark for trustworthiness.

To support this vision, I will extend human-grounded benchmarking approaches to domain-

specific settings such as healthcare, education, and law, mainly focusing on questions: does the

model reason in ways that experts find intuitive, justifiable, and reliable? I plan to design

evaluation pipelines that (1) recruit annotators with matching expertise, (2) calibrate tasks to

real-world difficulty levels, and (3) introduce new metrics that reveal when models deviate from

expert reasoning, even when surface-level accuracy appears high. This approach will surface

hidden risks, capture deployment-relevant failure modes, and help develop language models that

better support professionals in specialized domains.

VeriLA and GRACE revealed that LLMs often exhibit overconfident, brittle, or opaque
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reasoning patterns that diverge from human logic, making them difficult to trust or supervise, espe-

cially in high-stakes settings. Thus, I plan to develop systems that actively support interpretability

and accountability in model behavior. Specifically, I will design modular and transparent agentic

systems that trace their reasoning steps, validate outputs against user-defined criteria, and expose

failure points in ways users can inspect and debug. Building on VMH, which emphasized the

importance of modeling human expectations and adversarial examples grounded in real-world

ambiguity, partially from multimodal content, I also plan to extend this vision to the design

of multimodal agentic interfaces. Going beyond text-only outputs, I will explore how visuals,

structured reasoning diagrams, and interactive step-by-step justifications can help users better

interpret and guide model behavior to enhance human-AI collaboration. These agentic tools (e.g.,

decision-supporting, domain-specific assistants) will dynamically adapt and calibrate their output

style based on user goals, preferences, and cognitive needs.

Together, these directions aim to enable more safe, responsible, and trustworthy use of

LLMs in practical settings, where the ability to explain, verify, and interact meaningfully with

models is as important as raw performance. I hope to design systems that are responsive to human

reasoning, ultimately supporting better decision-making and more equitable deployment across

domains.
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Chapter 8: Appendix

8.1 An Example Plan from Planning Agent

Example Plan from Planning Agent

{

"id_": 0,

"question ": "Janet 's ducks lay 16 eggs per day. She eats 3 and uses 4 for baking. She sells

the rest at $2 each. How much does she earn daily?",

"answer ": "Janet sells 16 - 3 - 4 = <<16-3-4=9>>9 eggs a day.\nShe makes 9 * 2 = $

< <9*2=18 > >18.\n#### 18",

"system_prompt ": "You are a helpful assistant in solving math questions.",

"user_prompt ": {

"1": "Identify all quantities and the price per egg.",

"2": "Subtract eaten eggs from total.",

"3": "Subtract baking eggs from remaining.",

"4": "Multiply eggs left by price."

},

"plan": [

{ "id": 1, "name": "identify", "input": "question", "output ": "quantities , price" },

{ "id": 2, "name": "subtract", "input": "total , eaten", "output ": "post -breakfast" },

{ "id": 3, "name": "subtract", "input": "post -breakfast , baking", "output ": "for sale" },

{ "id": 4, "name": "multiply", "input": "for sale , price", "output ": "earnings" }

],

"edges ": [

[1, 2], [2, 3], [1, 3], [3, 4], [1, 4]

]

}
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8.2 List of Prompts

We provide the prompts used for planning, agent execution, and criteria evaluation by

external evaluators.

Prompt used for planning

You are a planner responsible for creating high-level plans to solve any tasks using a set of agents.

Your goal is to break down a given task into a sequence of subtasks that, when executed correctly by the

appropriate agents, will lead to the correct solution.

For each step in the plan:

1. Describe the subtask the agent must perform.

2. Provide a brief, self-contained description of the expected inputs and outputs. Do not include any specific

values or examples.

3. Provide a user prompt for each task that includes the expected input and output information.

Represent your plan as a graph where each node corresponds to a step, and each edge represents a dependency

between two steps.

If a node requires the output from a previous node as an input, ensure it is included in the edge list.

The output should be structured in the following JSON format:

{

“nodes”: <list of JSON nodes { “id”: <node id as integer>, “name”: <assigned agent name>, “task”: <task

instruction>,

“input”: <list of inputs>, “output”: <list of outputs>}>,

“edges”: <list of tuples [node_id, node_id]>

“user_prompts”: <list of strings per node>

}

Available agents: {agent taxonomy}

Examples

{plan demonstration examples}

{task query}
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Prompt used for agent execution and verbalized confidence

Use the following contextual information to answer: {context info}.

If contextual information is “None”, answer it without external information.

JUST PERFORM WHAT YOU ARE ASKED TO DO, DO NOT ANSWER THE QUESTION, JUST BECAUSE THE QUESTION EXISTS IN THE

PROMPT.

Your answer should always be in JSON object format. {answer: <answer>, confidence: <confidence>}.

{subtask instruction prompt from the plan} + Also, provide how confident you are in your answer.

If not, use your own memory to execute the prompt as best as you can.

If you do not know the answer, your confidence should be 0.0.

The answer format should be like {answer: <text>, confidence: <float value between [0-1]>}.

Prompt used for using LLM evaluator with human-defined criteria

You’re a helpful assistant that evaluates an agent {agent}’s answer in different criteria.

Your answer should always be in JSON format.

{‘criteria’:‘criteria score’}."

Please evaluate the following agent’s answer to a user prompt with the following context information.

If the context information is ‘None’, ignore and use your own knowledge to answer.

Here are some examples to help you score the agent’s answer: {agent examples}

The user prompt: {user}.

The context information: {context info}.

The agent: {agent}.

The agent’s input format: {agent input}.

The agent’s output format: {agent output}.

The agent’s answer: {answer}.

You should find the agent’s essential criteria to evaluate the answer from {agent criteria list}

Then, score each criterion in a float value between [0-1] in the ’criteria score’ placeholder.

Your answer should look like:

{’criteria score’: {’<criteria 1>’: <float value between [0-1]>, ’<criteria 2>’: <float value between [0-1]>,

’<criteria 3>’: <float value between [0-1]>, ’<criteria 4>’: <float value between [0-1]>, ’<criteria 5>’: <float

value between [0-1]>} }

Your answer should always be in JSON object format: {’criteria’:’criteria score’}.
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8.3 Agent Registry Curation using Chain-of-Thought Prompting

We provide the AI practioners to examine 50 samples resulting from one-shot promoting,

and determine which agents are adequate for math reasoning application. As an example, we

provide result for the task in Figure 6.2:

CoT planning result example

{

"question ": "Janet 's ducks lay 16 eggs per day. She eats 3, bakes with 4, and sells the

rest at $2 each. How much does she make daily?",

"answer ": "She sells 16 - 3 - 4 = <<16-3-4=9>>9 eggs.\n9 * 2 = $< <9*2=18 > >18\n#### 18",

"result ": {

"role": "assistant",

"plans": {

"step1": "Add eggs used for breakfast and baking.",

"step2": "Subtract from total eggs to get eggs sold.",

"step3": "Multiply eggs sold by price."

},

"answers ": {

"step1": "3 + 4 = 7 eggs used.",

"step2": "16 - 7 = 9 eggs to sell.",

"step3": "9 * 2 = $18 per day."

}

}

}

8.3.1 Candidate Agents for Other Tasks

We additionally present potential agent registries for the open-domain question answering

task and fact-checking task (Table 8.1). We plan to expand VeriLA in these domains.
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Figure 8.1: Example annotation for evaluation of LLM execution result of “add” subtask. We
prohibit the users from moving on to the next page if they did not get the answer correct for
questions in the tutorial.

8.4 Human-Defined Criteria for Other Agents

Table 8.2 lists evaluation criteria for each agent in our agent registry.

8.5 Crowdsourced Annotation Procedure

We used MTurk platform to recruit crowdworkers for labeling the GSM8K dataset. For

each instance, three labels were collected from workers who passed the qualification test, with

an average pay rate of $14 per hour. For a subtask assigned to an agent, workers were asked to

annotate whether the agent’s answer was successful or not, given its role, input, and evaluation

criteria. A sample interface illustrating the annotation process is shown in Figure 8.1.
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Table 8.1: Candidate agents for open-domain question answering or fact-checking tasks.

Agent Role Input Output Output
Format

Identify
Query

Identify query for
Wikipedia retrieval Text Text query Text

Retrieve
From

Wikipedia

Retrieve from
Wikipedia database Text query Most relevant

paragraph Text

Retrieve
From DB

Retrieve paragraph
from selected DB Text query Most relevant

paragraph Text

Brainstorm Brainstorm ideas
given input format Text query Brainstormed

ideas List

Rationalize Generate explanation
for given input Text query Explanation Text

Classify Assign category label
to the input Text query Category-

labeled JSON JSON

Partition Partition the problem
into sub-problems Text query Partitioned

sub-tasks List

Merge Combine multiple
inputs into one List of text Combined

text Text

Compare Compare two or
more items List of text queries Comparison

result Text

Suggest
Generate improved

ideas from input and
instruction

Text query Improved
ideas List

Transform Transform text using
suggested idea Text query Transformed

text Text

Extract Extract smaller unit
of text from input Text Extracted

content Text

Rate Give rating to input List of text Sorted list by
rating List

Rank Rank text based on
criteria List, criteria Ranked list List

Computation Solve numerical
computation task Text query Computed

result Text

Format Text
Generate formatted
text from input and

instruction
Text, instruction Formatted

text Text

Prune Remove redundant
information Text query Pruned text Text

Add Add missing details
to input Text query Completed

text Text

Correct Correct errors in
input text Text query Corrected text Text
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Table 8.2: Human-designed agent criteria. Each agent’s criteria are assigned by users based on
their own experience performing the task using the agent registry. Thus, these criteria are grounded
in human needs and are integrated into LLM evaluators, with their outputs used as part of our
agent verifier features.

Subtask and Description Essential Criteria

Identify Operands — Identify operands with text description
of each operand

Accuracy: Are numerical values accurate?
Relevance: Are all operands relevant?
Coverage: Are all necessary operands identified?
Clarity: Are operand descriptions clear?
Format Adherence: Is the output correctly formatted?

Add — Add numbers or dates Accuracy: Is the sum correct?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Subtract — Subtract numbers or dates Accuracy: Is the result correct?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Multiply — Multiply numbers Accuracy: Is the result correct?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Divide — Divide numbers Accuracy: Is the result correct?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Filter — Filter a list based on a condition Relevance: Are irrelevant items excluded?
Completeness: Are all valid items included?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Sort — Sort a list by an attribute Correctness: Is the order accurate?
Completeness: Are all items included?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to solve the task?

Convert Format — Convert input from one format to another Accuracy: Was the conversion correct?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to perform the conver-
sion?

Date Lookup — Identify year, month, and day from a natu-
ral language description

Accuracy: Is the date correctly identified?
Format Adherence: Is the output correctly formatted?
Context Sufficiency: Is the context enough to extract the date?
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Gkatzia, David M Howcroft, Ondřej Plátek, and Adarsa Sivaprasad. 2024. Automatic metrics

in natural language generation: A survey of current evaluation practices. In Proceedings of the

17th International Natural Language Generation Conference, pages 557–583.

Lanyu Shang, Daniel Yue Zhang, Michael Wang, Shuyue Lai, and Dong Wang. 2019. Towards

reliable online clickbait video detection: A content-agnostic approach. Knowledge-Based

Systems, 182:104851.

Shreya Shankar, JD Zamfirescu-Pereira, Björn Hartmann, Aditya Parameswaran, and Ian Arawjo.

2024. Who validates the validators? aligning llm-assisted evaluation of llm outputs with human

preferences. In Proceedings of the 37th Annual ACM Symposium on User Interface Software

and Technology, pages 1–14.

Sasha Sheng, Amanpreet Singh, Vedanuj Goswami, Jose Alberto Lopez Magana, Wojciech Galuba,

Devi Parikh, and Douwe Kiela. 2021. Human-adversarial visual question answering. CoRR,

abs/2106.02280.

Chenglei Si, Navita Goyal, Sherry Tongshuang Wu, Chen Zhao, Shi Feng, Hal Daumé III, and

158

https://doi.org/10.1007/978-3-642-41136-6_5
https://doi.org/10.1016/j.knosys.2019.07.022
https://doi.org/10.1016/j.knosys.2019.07.022
http://arxiv.org/abs/2106.02280


Jordan Boyd-Graber. 2023. Large language models help humans verify truthfulness–except

when they are convincingly wrong. arXiv preprint arXiv:2310.12558.

Chenglei Si, Chen Zhao, Sewon Min, and Jordan Boyd-Graber. 2022. Re-examining calibration:

The case of question answering. In Findings of the Association for Computational Linguistics:

EMNLP 2022, pages 2814–2829.

Valeriya Slovikovskaya. 2019. Transfer learning from transformers to fake news challenge stance

detection (fnc-1) task. arXiv preprint arXiv:1910.14353.

Rion Snow, Brendan O’Connor, Daniel Jurafsky, and Andrew Ng. 2008. Cheap and fast – but is it

good? evaluating non-expert annotations for natural language tasks. In Proceedings of the 2008

Conference on Empirical Methods in Natural Language Processing, pages 254–263, Honolulu,

Hawaii. Association for Computational Linguistics.

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam

Fisch, Adam R. Brown, Adam Santoro, Aditya Gupta, Adrià Garriga-Alonso, Agnieszka Kluska,

Aitor Lewkowycz, Akshat Agarwal, Alethea Power, Alex Ray, Alex Warstadt, Alexander W.

Kocurek, Ali Safaya, Ali Tazarv, Alice Xiang, Alicia Parrish, Allen Nie, Aman Hussain,

Amanda Askell, Amanda Dsouza, Ambrose Slone, Ameet Rahane, Anantharaman S. Iyer,

Anders Johan Andreassen, Andrea Madotto, Andrea Santilli, Andreas Stuhlmüller, Andrew M.

Dai, Andrew La, Andrew Lampinen, Andy Zou, Angela Jiang, Angelica Chen, Anh Vuong,

Animesh Gupta, Anna Gottardi, Antonio Norelli, Anu Venkatesh, Arash Gholamidavoodi, Arfa

Tabassum, Arul Menezes, Arun Kirubarajan, Asher Mullokandov, Ashish Sabharwal, Austin

Herrick, Avia Efrat, Aykut Erdem, Ayla Karakaş, B. Ryan Roberts, Bao Sheng Loe, Barret
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