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ABSTRACT
Recently, red teaming, with roots in security, has become a key
evaluative approach to ensure the safety and reliability of Gener-
ative Artificial Intelligence. However, most existing work empha-
sizes technical benchmarks and attack success rates, leaving the
socio-technical practices of how red teaming datasets are defined,
created, and evaluated under-examined. Drawing on 22 interviews
with practitioners who design and evaluate red teaming datasets,
we examine the data practices and standards that underpin this
work. Because adversarial datasets determine the scope and accu-
racy of model evaluations, they are critical artifacts for assessing
potential harms from large language models. Our contributions are
first, empirical evidence of practitioners conceptualizing red team-
ing and developing and evaluating red teaming datasets. Second,
we reflect on how practitioners’ conceptualization of risk leads to
overlooking the context, interaction type, and user specificity. We
conclude with three opportunities for HCI researchers to expand
the conceptualization and data practices for red-teaming.

CCS CONCEPTS
• Human-centered computing → Empirical studies in HCI; •
Computing methodologies → Natural language generation;
• Security and privacy→ Human and societal aspects of security
and privacy.
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1 INTRODUCTION
Red teaming originates from the context of security, where adver-
saries simulate attacks to uncover vulnerabilities [8, 28, 74, 91].
Nowadays, red teaming has become central to evaluating the safety
and robustness of systems, especially with the rise of large language
models (LLMs). LLMs now outperform benchmarks in reasoning
and language understanding [58], but also produce harmful, bi-
ased, or misleading outputs. These risks have made red teaming an
emerging standard practice in industry, government, and academia,
embedded in regulations such as the European Union’s Artificial
Intelligence Act [27].

Adversarial datasets are central to red teaming LLMs, revealing
models’ vulnerabilities and blind spots. These datasets are collec-
tions of prompts or conversations designed to elicit harmful or
unsafe behaviors, enabling systematic evaluation and alignment
improvements. They define what counts as harm, determine how
models are tested, and shape what risks present to downstream
users. Yet datasets are not neutral: they embody the assumptions
and values of those who create them [51, 65, 67]. Prior work in
Human-Computer Interaction (HCI) and critical data studies has
shown that annotation practices, labeling schemes, and benchmark
structures not only shape technical outcomes but also social and
cultural norms [51, 65, 67]. Data workers develop intuitive under-
standings of their data through multiple forms of intervention,
including treating data as given, captured, curated, designed, or
created [53]. However, little is known about how AI practitioners
create, reuse, and evaluate red teaming datasets for LLMs. Different
frommany prior data work that analyze data produced in real-world
contexts, such as social media content [7] or image recognition [51],
red-teaming datasets are created with an explicitly adversarial, ex-
perimental, and testing-oriented intention. Rather than capturing
naturally occurring human activity, practitioners design prompts
to provoke failures, explore attack strategies, and probe the bound-
aries of model behavior [44]. This adversarial stance reframes data
work in this context: while red-teaming data creation is highly
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open-ended and unstructured, it still depends on human judgment
about what to include and how to validate it. Most red teaming
LLMs research emphasizes technical benchmarks and attack success
rates, leaving the socio-technical practices of dataset development
under-examined. These refer to the intertwined social and technical
choices about what should be supported socially, and what can be
implemented technically [2], such as how harms are defined, how
adversarial prompts or dialogue are created, and what evaluation
metrics are adopted.

This gap matters because harmfulness is not discovered as a
fixed concept in red teaming evaluation, but constructed through
choices about prompts, categories, evaluation metrics, and collab-
orations. Decisions about what harms to include or exclude, and
how to measure success, shape not only the coverage of datasets
but also the guardrails and mitigations that follow. Understanding
these practices is critical for HCI, which has long examined how
technologies embed human values, and for AI safety, which increas-
ingly depends on socio-technical insights. To address this gap, we
conducted 22 semi-structured interviews with AI practitioners who
design, build, or reuse datasets for red teaming LLMs. Our study is
guided by the following research questions:

(1) How do AI practitioners create, develop, and evaluate red
teaming datasets, and why in these ways?

(2) What tools and support do AI practitioners need when de-
veloping red teaming datasets?

Our work extends prior HCI examinations of data work by re-
vealing a distinct form of adversarial, interaction-driven data work
that emerges uniquely in red teaming LLMs. Our analysis highlights
three critical moments in this work: (1) defining and framing red
teaming tasks, (2) developing adversarial datasets, and (3) evalu-
ating models against them. Across these moments, we show that
disciplinary backgrounds shape whether red teaming is framed as
exploration or classification, while motivations range from observ-
ing “in-the-wild” jailbreaks to addressing technical or regulatory
gaps. We find that datasets are developed through different path-
ways: created from scratch, repurposed from existing resources, or
derived from human interactions, and that evaluation is compli-
cated by issues of context, diversity, and metrics. Taken together,
these practices reveal red teaming as more interactional and social
than AI practitioners typically anticipated in benchmark-driven
work, with risks arising not only from single prompts but also from
multi-turn, multilingual, and multicultural exchanges. Further, we
identify opportunities for HCI researchers to support red teaming
practitioners: by expanding evaluations to center on the context
of use, incorporating domain expertise into definitions of harm,
and better accounting for interaction-level risks. Our findings shed
light on emerging exploratory data practices that arise when LLMs
are engaged through open-ended and interactive use.

2 RELATEDWORK
To contextualize our contribution, we first introduce the concept
and practice of red teaming, then examine how recent datasets
operationalize adversarial testing for LLMs. We then consider the
diverse stakeholders involved in red teaming for AI safety, high-
lighting the motivations and tensions that shape its practice. Finally,

we situate our work within HCI research, showing how longstand-
ing contributions on data practices provide critical insights for
understanding and improving red teaming evaluation.

2.1 Introduction to Red Teaming
Red teaming did not originate as a technical protocol, but rather
as a strategic exercise in adversarial thinking. Rooted in military
war-gaming, red teams were tasked with challenging institutional
assumptions by “thinking like the enemy” to expose vulnerabilities
in operational plans [8, 74, 91]. Over time, this practice migrated
into cybersecurity, where red teams simulate breaches to identify
flaws in digital defenses, a tradition now formalized in frameworks
like the U.S. Department of Defense’s Cyber Red Teaming Guide
[28, 74]. This adversarial framing of treating safety as a matter of
defense against active threats shaped how risk was conceptual-
ized in digital systems, establishing a dominant view of harm as
something imposed by hostile actors, rather than as the emergent,
everyday vulnerabilities experienced by diverse users [3, 28]. It
provided a blueprint for how harms are anticipated, operational-
ized, and mitigated in sociotechnical design [32, 75]. Academic
scholarship across security studies [47], information systems [10],
CSCW and HCI [92–94] contributed to this transition, theorizing
red teaming as a method of system auditing, threat modeling, and
scenario-based testing. These foundational contributions laid the
groundwork for the widespread adoption of red teaming in industry,
government, and research settings.

In the domain of AI, and particularly with the rise of LLMs and
emerging agentic AI systems, red teaming has taken on renewed
urgency [3, 28, 84]. While LLMs offer substantial societal benefits,
including expanded access to information, enhanced productivity,
and support for human creative and cognitive tasks [33, 79, 95], they
have also been shown to generate outputs that are toxic, biased, or
sometimes inaccurate [83]. In response, the Center for AI Safety
released a statement in 2023, warning that AI extinction risk should
be a global priority [19]. Therefore, governments (e.g., EU’s AI Act
[27] and U.S. Executive Order 14110 [36]) and industry leaders (e.g.,
OpenAI [57], Anthropic [9]) have institutionalized red teaming as
a key part of AI evaluation. While academic researchers have also
emphasized the need for rigorous evaluation frameworks to ensure
the safety and reliability of AI systems in real-world settings (e.g.,
[28, 30, 46, 52, 59, 59, 76, 84]), their valuable contributions are often
overshadowed by industry-led initiatives.

Red teaming has emerged as a field of study connecting security,
AI safety, and responsible innovation. Yet, the conceptual framing
of red teaming remains largely inherited from its adversarial roots
[28]. The dominant notion of a “threat” is typically cast as a mali-
cious actor or unexpected query, someone trying to game or break
the system [28, 91]. This framing often sidelines more systemic or
structural harms, such as how LLMs may reinforce racial stereo-
types, marginalize dialects, or exclude non-Western epistemologies
[32, 72]. As a result, current red teaming practices tend to reflect
narrow slices of AI risk: those that are easily measurable, align with
regulatory compliance, or reflect high-profile public controversies.
By centering the people and practices involved, we showed that
red teaming–often framed as technical safety work–is shaped by
social values and disciplinary priorities.
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Dataset Year Size / Type Design Basis Generation
Method

Annotation
Method

Definition of Harm

HH-RLHF [30] 2022 ∼38k human-
generated
comparisons

Anthropic’s
“helpful/harmless”
framework

Harm defined by human-preference
for “hamrful” outputs

AdvBench [97] 2023 500 adversarial
“strings”

Adversarial robustness
testing focused on
policy-violating behavior

Harm framed as violating model’s
alignment or safety constraints

BeaverTails [39] 2023 30,207 Ques-
tion–Answer
pairs

OpenAI jailbreak prompt
sets + community red
teaming

Harm defined in relation to jailbreak
success and unsafe generations

HarmBench [49] 2024 ∼2,400 test cases Prior harm taxonomies +
academic harm frameworks

Harm defined by standardized
taxonomy (violence, hate, self-harm,
etc.)

Legend: = Human; = AI/LLM; = Human-AI collaboration

Table 1: Comparison of major Red Teaming Datasets for LLMs

2.2 The Role of Red Teaming Datasets for LLMs
A growing body of research has demonstrated that LLMs can pro-
duce harmful, toxic, or biased outputs, even after alignment efforts
[30, 31, 59, 83]. For example, both Gehman et al. [31] and Welbl
et al. [86], documented how LLMs can produce toxic and misleading
outputs even under controlled input conditions. Early generative
models like GPT-2 responded with toxic completions to 4.3–6.1%
of user prompts, depending on prompt structure and sampling
temperature [31]. Sheng et al. [71] also showed that models can re-
inforce gender and racial stereotypes in generated sentences. These
findings sparked renewed attention to the limitations of existing
evaluation pipelines and the need for targeted adversarial testing.

In response, researchers have turned to red teaming datasets,
structured collections of adversarial or high-risk prompts used
to probe model behavior [28, 30, 59]. Unlike benchmark datasets
designed to test factual accuracy or task performance [61, 82],
red teaming datasets are crafted to elicit failure modes, especially
in high-risk domains like hate speech, and safety-critical advice
[30, 59]. These datasets act as epistemic instruments, shaping which
types of harms are visible, how safety is defined, and what mitiga-
tion efforts follow [6, 28, 54, 65]. An early impactful effort, RealToxi-
cityPrompts by Gehman et al. [31], included 100,000 prompts mined
from web text that elicited toxic completions from pre-trained mod-
els. Each prompt was annotated using the PerspectiveAPI to mea-
sure the severity of model toxicity, forming a baseline for assessing
generative harm. Yet as we discuss later, reliance on automated
toxicity scores also obscures questions of diversity and cultural
context in how harm is recognized. Liang et al. [42] introduced
HELM, which evaluates LLMs across 42 metrics spanning bias, tox-
icity, factuality, and robustness. Although HELM is not exclusively
adversarial, it demonstrated how evaluation pipelines increasingly
include risk-centric benchmarks. Recent red teaming datasets such
as HH-RLHF [30], AdvBench [97], HarmBench [49], and Beavertails
[39] further illustrate this shift, embedding adversarial evaluation
directly intomodel development pipelines and broadening the range
of harms under examination beyond traditional performance met-
rics. Table 1 compares these four widely used datasets to highlight
how differences in their size, generation methods, harm definitions,
and design inspirations shape what risks are surfaced and which
may remain overlooked in red teaming practice.

Despite their importance, red teaming datasets are far from
neutral. As Solaiman et al. [75] argued, decisions around prompt

selection, annotation frameworks, and harm taxonomies reflect
underlying social and institutional values. These are not purely
technical design choices, but data practices, cultural, political, and
labor-intensive processes that shape how risk is constructed and
operationalized [32, 51, 67]. Consistent with prior work, AI datasets
including those used in red teaming, are overwhelmingly created by
institutions in the Global North, with minimal inclusion of perspec-
tives from the Global South or marginalized communities [21, 65].
Furthermore, most datasets rely on English-language prompts, lim-
iting their ability to capture harms experienced by multilingual or
culturally diverse communities [62].

These data practices have tangible consequences for the visibil-
ity and mitigation of harm. If red teaming datasets fail to include
prompts reflecting LGBTQ+ experiences, youth-specific concerns,
or migrant community perspectives, then these harms may re-
main unexamined [83]. Hofmann et al. [34] for example, found that
LLMs assigned more negative stereotypes, lower-prestige jobs, and
harsher criminal judgments to speakers of African-American Eng-
lish compared to Standard American English prompts highlighting
how dialect bias can shape harmful system behavior. By focus-
ing on red teaming as a site of data work, our study investigates
how practitioners make decisions about which risks to include,
what constitutes a “good” prompt, and how these choices influence
downstream definitions of safety and model accountability.

2.3 Stakeholders in Red Teaming for AI Safety
While red teaming is often framed as a technical practice aimed at
detecting model vulnerabilities, it is in fact deeply shaped by the
social, institutional, and political context in which it is conducted
[32, 72]. A growing body of research has highlighted that the def-
inition of “risk” in red teaming is not universal, but reflects the
values, priorities, and threat models of those with the power to de-
fine what is tested and how [28, 32, 72, 84]. As such, understanding
red teaming requires attending to its stakeholders: the diverse and
sometimes conflicting set of actors involved in shaping, executing,
and responding to safety evaluations. These stakeholders include AI
developers, research scientists, policy regulators, product managers,
red teamers, annotators, and users; each bringing different motiva-
tions, expertise, and constraints [69, 72]. Developers often prioritize
model alignment and technical reproducibility, while policy teams
focus on regulatory compliance or reputational risks [28, 83]. End
users – particularly those from marginalized communities – may
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be more concerned with harms grounded in lived experience, such
as misgendering, cultural erasure, or coded hate speech, which are
rarely formalized in red teaming pipelines [21, 80]. These divergent
priorities create tensions over whose risks are surfaced and whose
are overlooked [32, 70].

Despite growing calls for inclusive safety evaluation by sev-
eral scholars [23, 45], the perspectives of affected communities are
often absent or tokenized in practice. Also, current red teaming
frameworks lack clear mechanisms for how and where to inte-
grate these perspectives [40, 56]. As Delgado et al. [23] highlighted,
participatory evaluation processes tend to be extractive, consult-
ing users or advocacy groups without redistributing power over
decision-making or interpretation. This raises critical questions
about what forms of expertise are legitimized in red teaming and
what it means to evaluate a model “responsibly.” Recent work has
begun to surface these participatory gaps [23, 52, 76]. Gillespie et al.
[32] frames red teaming as a sociotechnical system in which the
labor, institutional incentives, and cultural assumptions of devel-
opers profoundly shape which harms are tested. Zhang et al. [93]
shows how data workers involved in curating red teaming prompts
must make judgment calls without clear guidance or support, re-
vealing the limits of centralized governance. Together, these studies
suggest that stakeholder inclusion is not just a matter of ethics but
a necessary condition for meaningful safety. When the definition of
harm is negotiated in closed circles, it risks being narrow, reactive,
and disconnected from the realities of deployment.

Our study builds on this body of work by examining how red
teaming practitioners reflect on stakeholder roles: who is consulted,
who is represented, and how inclusion is operationalized or not
during the design of red teaming datasets. From these perspectives,
we surface the hidden practices and trade-offs that decide which
harms are recognized and which are ignored in safety evaluation.

2.4 Contribution of HCI to Red Teaming
Evaluation

Scholars within the SIGCHI community have long studied the so-
ciotechnical nature of system evaluation and more recently red
teaming [41, 88, 92, 93], offering critical insights and tools for un-
derstanding how values, labor, and context shape technical pro-
cesses. In contrast to dominant narratives in AI red teaming, which
often emphasize technical rigor, adversarial testing, and benchmark-
based safety, HCI scholarship foregrounds the social dimensions
of harm [66], the labor of dataset creation [6, 65], and the need for
participatory, situated evaluation [96]. This work highlights red
teaming not only as a way of testing models, but as a practice that
defines harm and safety.

Additionally, foundational insight fromHCI research emphasizes
that data work, such as curating, cleaning, labeling, and evaluating
datasets, is not neutral or mechanistic, but socially embedded and
judgment-laden. Studies have shown that practitioners making de-
cisions about datasets often operate with little recognition, institu-
tional support, or shared criteria [60, 65]. These decisions, however,
have far-reaching effects: they shape how systems behave, how
failures are detected, and how “responsible AI” is defined in practice

[6, 32]. Red teaming, viewed through this lens, is a form of high-
stakes data work that involves implicit negotiations around value
trade-offs, stakeholder representation, and institutional norms.

HCI studies have also contributed methodological alternatives
to opaque-box auditing or static red teaming pipelines. Scholars
have explored participatory approaches to algorithmic evaluation
that involve users and affected communities in defining harms and
co-constructing risk scenarios [21]. These approaches push against
the abstraction and decontextualization common in much of AI
evaluation. For instance, participatory design methods in HCI have
long emphasized that “designing for safety” requires accounting for
context, lived experience, and systemic power, not just adversarial
queries or edge cases [11, 55]. Moreover, HCI critiques the assump-
tion that evaluation can ever be value-neutral. As Selbst et al. [70]
argued, technical interventions often embed unstated normative
assumptions about what kinds of errors are tolerable, whose ex-
periences count as harm, and what trade-offs are acceptable. This
critique is directly relevant to red teaming, where prompts are of-
ten framed as objective “tests,” though their design reflects deeply
contextual choices [65, 87]. These choices are rarely documented,
contested, or made transparent [28, 54].

Drawing from this HCI lineage, our study treats red teaming not
as a purely technical task but as a sociotechnical practice involving
meaning-making, boundary-drawing, and negotiation, in partner-
ship with the people most affected by these decisions. Further, we
call for more participatory, transparent, and reflexive approaches
to evaluating AI systems that center not only on what a model can
do, but who decides what it should do, and for whom.

3 METHODS
In this section, we provide an overview of our interview study.
We describe the recruitment strategy we follow to ensure that we
interview practitioners with red teaming expertise, and provide a
characterization of the participants’ profiles. We conclude with a
description of our data analysis process.

3.1 Recruitment
To understand how red teaming datasets are designed, developed,
and evaluated, we recruit AI practitioners who have released public
red teaming datasets or have experience researching red teaming
datasets. Our process consisted of first identifying potential par-
ticipants with experience in red teaming datasets for LLMs. We
searched for red teaming datasets from Hugging Face 1 and Pa-
pers with Code platforms 2. We searched ‘red teaming’ in full-text
search in Hugging Face to collect red teaming datasets and the data
creators’ information. We stopped after the top 100 search results.
Because in the latter portion of the 100, there are many duplicated
datasets from higher-ranked original red teaming datasets. Then
we searched ‘red teaming’ on Papers with Code, which gave us 100
results of papers and their GitHub repositories. We also explored
additional communities, such as Kaggle, OpenML, and the Data
Provenance Initiative, but only found five red teaming datasets3

1https://huggingface.co/
2https://paperswithcode.com/
3Kaggle had four, the Data Provenance Initiative had one, and OpenML had none.
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which we already collected through our search in the Hugging Face
and Paper with Code platforms.

After gathering the red teaming datasets, we removed duplicates
and selected potential participants following the criteria: the work
should focus on natural language tasks, excluding efforts centered
on multi-modal tasks, mathematical problem solving, security ex-
ploits, or code generation. The potential participants should have
worked on red teaming projects for the purpose of developing, eval-
uating, or improving LLMs, interactive agents, and applied language
technologies. This includes those who had created or curated red
teaming prompts and datasets, designed pipelines for generating
preference-aligned or adversarial data. After screening the search
results, we recorded 107 qualified potential participants from open
source communities, startups, industry, and academia.

For each potential participant, we recorded the following infor-
mation to guide our recruitment process: the name of the dataset,
its associated link, the title and link of the corresponding paper, the
primary practitioner’s name, email, and affiliation. We also noted
public engagement metrics of the red teaming datasets, including
the number of last month’s dataset downloads on Hugging Face,
GitHub stars, and paper citation counts. Based on this information,
we synthesized two categories of data practices, which informed
our sampling strategy and interview targeting:

(1) Create red teaming dataset from scratch: design and cre-
ate original data specifically for red teaming. Practitioners
can maximize the control and ownership of the dataset, but
require more resource investment.

(2) Use existing dataset without extra revision: practitioners
directly apply existing datasets to their studies. In doing so,
they worked within the structure, assumptions, and clas-
sification choices embedded in the data, which reflect the
values of the original dataset creators [51], and the down-
stream cascading effects of data quality in high-stakes AI
applications [65].

We ranked the potential participants based on three indicators of
visibility and impact: the number of dataset downloads on Hugging
Face or PapersWith Code, the number of GitHub stars for associated
repositories, and the number of citations for corresponding papers.
From this ranked list, we sampled participants evenly across the
two data practice categories and invited 76 potential participants in
batches, starting from the highest-ranked. In total, 22 participants
accepted our invitation: twelve created their own datasets and ten
reused existing datasets. We stopped the recruitment process once
we reached data saturation.

3.2 Participant’s Profiles
Our participants are AI practitioners in eight countries on three
continents. Fifteen are PhD students, and two have worked on
red teaming projects during their research internships. All partici-
pants had a computer science background. We recorded their areas
of expertise based on their self-description. While some descrip-
tions were similar, they contained nuanced differences. Fourteen
described having expertise on language models, LLMs, or NLP;
seven focused on safety or security; and four participants identified
their background as machine learning or reinforcement learning.
Most of the practitioners contributing to red teaming LLMs came

from academia, reflecting the trend we observed in our recruitment.
From the 107 datasets and repositories we identified, 39 originated
from academia alone, 34 from academia-industry collaborations,
while only 19 were solely from industry and 15 from open-source
communities. Among the 76 invitations we eventually sent, there
were 16 industry practitioners, of which only three agreed to par-
ticipate in our interview (14% of 22 interviews). Details of our
participants’ profiles are shown in the Table 2.

3.3 Interview Study
We conducted 22 semi-structured interviews with AI practition-
ers, and each interview took between 40 to 60 minutes. Nineteen
interviews were conducted in English, two were in Chinese, and
one was in Spanish. The study was approved by the authors’ Insti-
tutional Review Board. Participation was voluntary. We informed
the participants that all information they shared would be kept
confidential and anonymous, and they permitted us to record the
interview for further analysis.

We chose semi-structured interviews as our primary method
because they offer an appropriate way to understand practitioners’
rationales when developing red teaming techniques and provide
critical access to settings where ethnographic entry is constrained.
Opportunities for fieldwork or ethnographic studies are limited
across both industry and academia: red-teaming activities in indus-
try often occur within proprietary or confidential environments
[12], while academic red-teaming projects are also typically con-
fidential until publication. Therefore, we consider interviewing
as an appropriate mode of inquiry to understand practitioners’
day-to-day activities that otherwise would remain inaccessible.
Interviews also enabled us to reach participants working across
diverse geographic and institutional contexts, which would have
been logistically challenging to access through site-based fieldwork.

While we recognize that observational methods could help un-
cover the tacit and embodied aspects of data work, they limit the
ability to surface the rationales, trade-offs, constraints, and assump-
tions that guide people’s choices. In contrast, semi-structured in-
terviews allow for eliciting accounts of not only what people do
but why they do it. This is particularly important for examining
the assumptions embedded in dataset construction and evaluation
practices, which are often invisible in observational inquiry alone.

To reduce idealized recall, we grounded our interview protocols
in participants’ publicly released datasets and articles focused on
red teaming techniques. We asked about the challenges and limita-
tions they experienced, and asked them to explain their practice
decisions in their work. Before each interview, we reviewed the
participants’ published papers and Hugging Face dataset cards, if
applicable, to familiarize ourselves with their work and prepare
our interview questions. We started the interviews by learning the
participants’ experiences in red teaming. Then we went deeper to
discuss participants’ experiences in creating or reusing red teaming
datasets, their motivation for red teaming research, their catego-
rization of harm and risks, and evaluation approaches. For each
interview, we tailored, added, or skipped some questions towards
the participant’s own experiences and insights.
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ID Location Background Area of Expertise Data Practice Duration

P1 Israel Research Scientist Machine Learning Create 48 minutes
P2 U.S. Ph.D. Student LLMs and Safety Reuse 49 minutes
P3 U.S. Ph.D. Student AI safety and security Create 53 minutes
P4 U.S. Ph.D. Student Safety Alignment of LLMs Reuse 40 minutes
P5 Singapore Ph.D. Student NLP Reuse 44 minutes
P6 U.S. Ph.D. Student Reinforcement learning Create 51 minutes
P7 Germany Ph.D. Student AI safety and LLMs Reuse 56 minutes
P8 Singapore Postdoc Machine learning, LLM safety Reuse 59 minutes
P9 U.S. Ph.D. Student LLMs alignment Reuse 57 minutes
P10 India Undergrad Security and AI security Create 56 minutes
P11 U.S. Ph.D. Student Reinforcement learning Reuse 44 minutes
P12 India Entrepreneur Software engineer Create 47 minutes
P13 Spain Ph.D. Student Testing language model Create 51 minutes
P14 China High School Student Computer Science Create 59 minutes
P15 Singapore Research Engineer Software testing Create 41 minutes
P16 U.S. Ph.D. Student Language model and NLP Create 45 minutes
P17 South Korea Ph.D. Student Data augumentation and NLP Create 40 minutes
P18 China Ph.D. Student Security of large models Reuse 57 minutes
P19 U.S. Ph.D. Student NLP Create 40 minutes
P20 U.S. Ph.D. Student LLM reasoning Create 52 minutes
P21 South Korea Research Engineer NLP, hate speech Reuse 60 minutes
P22 South Korea Ph.D. Student Efficiency in LLM Reuse 60 minutes

Table 2: Participants’ profile information and interview duration

3.4 Transcript Analysis
The two authors who conducted the interviews also analyzed the
transcripts using a thematic analysis approach [16]. Both authors
attended all 22 interviews, with each author leading and coding half
of the sessions. After coding the first few interviews independently,
each author developed a preliminary codebook. We then met to
compare two codebooks, discuss discrepancies, and merge them
into a single version with agreement. Using this shared codebook,
we coded the remaining transcripts, revisiting earlier transcripts
when necessary to ensure consistency. We discussed ambiguous
cases during the coding process and refined definitions as needed,
resolving disagreements through discussion until consensus was
reached. The final analysis produced 47 sub-codes grouped under
21 parent codes, capturing participants’ definitions of red teaming,
their motivations, practices, and perspectives on the evolution of
LLMs. The Table 3 shows the summary of the derived themes, codes,
and sub-codes.

3.5 Positionality
All authors have received formal training in HCI. The two lead
authors bring complementary expertise: one in critical data studies,
which examines how data is produced through specific social pro-
cesses and practices [37], and the other in the intersection of HCI
and NLP, with expertise in subjective data annotation, interpreta-
tion, and evaluation of language model outputs. These perspectives
shaped our study design, the framing of our questions, and our
interpretation of participants’ experience and insights to both the
technical and sociocultural dimensions of red teaming [35]. Two
co-authors bring domain expertise in online safety, particularly

around youth risk and sociotechnical harms. These perspectives
shaped our critical attention to how red teaming datasets define
harm, surface risk, and reflect the experiences of vulnerable users.

4 FINDINGS
While red teaming is often framed as a technical practice aimed
at detecting model vulnerabilities, studies have shown that the
definition of “risk” is not universal but reflects the values, priorities,
and threat models of those in charge of defining what is tested and
how [28, 32, 72]. We observed this dynamic in practice. Our findings
are organized into three sections, illustrating how practitioners
define and operaionalize risks across three moments in red teaming
LLMs: (1) conceptualizing what red teaming means, (2) developing
adversarial datasets to capture those risks, and (3) evaluating the
outcomes of red teaming LLMs.

4.1 Participants’ conceptualization of Red
Teaming LLMs

In this section, we illustrated how practitioners conceptualize red
teaming LLMs by examining their definitions of red teaming, their
motivations for red teaming LLMs, and their views of red teaming
as an interactional and social process.

4.1.1 Participants’ definitions of red teaming LLMs. Most partici-
pants started working on red teaming LLMs around the time LLMs
became widely accessible and began outperforming standard bench-
marks in commonsense reasoning and language understanding
[58], raising concerns about safety and misuse. Six participants
had worked on red teaming for about two years, seven had one
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Theme Code Sub-codes

Participants’
conceptualization
of red teaming
LLMs

Definitions of red teaming How participants define and conceptualize red
teaming; Blind spots of red teaming

Participant’s background and
experience

Education; Years of experience; Affiliation

Participant’s context and moti-
vations

Work context; Motivations for red teaming

Participant’s approach to red
teaming

Methods and strategies; Experiences described

Challenges Practical challenges

References References to additional materials

Impact Beneficiaries; Future impact

Developing
adversarial datasets

Tailoring datasets Adaptation processes; Risk categories; Repre-
sentation; Contextual relevance; Diversity

High quality data criteria Definitions and standards for data quality

Seed data Sources; Selection criteria

Harmfulness definition Definitions and examples of harmfulness

Reuse and repurpose existing
datasets

Decision-making process; Advantages; Limita-
tions

Evaluating
adversarial datasets

Machine evaluation LLM judges; Classifiers; Limitations

Human evaluation Annotation; Validation; Challenges

Evaluation (overall) Dimension ranking; Cross-category perfor-
mance; Infrastructure; Challenges

Standards Use of guidelines; Customized evaluation; Limi-
tations

Human vs. machine Comparisons between human andmachine eval-
uations

Metrics Metrics used; Trade-offs

Experts and stakeholders Collaborations; ; Expert evaluation

Geographies and representa-
tion

Geo-cultural bias; Representation issues

Misclassification Examples; Mitigation strategies
Table 3: Themes, codes, and sub-codes from the thematic analysis of interviews.

year of experience, and many had just started for a few months.
These marked the release of ChatGPT in 2022 as a turning point
that raised people’s concerns about AI safety. As P8 shared, “Red
teaming (LLMs) hasn’t been around for long ... Its appearance came
with ChatGPT, which launched at the end of 2022. Although the field
is very active now, its lifespan has only been about a year and a
half.” Learning from participants, we noticed that the work on red
teaming LLMs emerged quickly in response to the fast-growing
capabilities and safety concerns of LLMs.

Researchers from various fields, including security, reinforce-
ment learning, and NLP, worked on it with different assumptions
and methodologies. From our study, we identified two major ways
of conceptualizing red teaming LLMs, which were shaped by prac-
titioners’ disciplinary training and research backgrounds.

(1) Exploration and searching from the reinforcement learning
framing (N=20). Participants with reinforcement learning training
approached red teaming as an exploration problem, where the task
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was to navigate a vast prompt space to uncover successful attack
cases. P6 explained how red teaming is a hard exploration challenge.

“Red teaming is a very hard exploration problem be-
cause you can think of the space, the search space of
the prompt is like all combinations of the possible text,
right? And this is a giant space that you will never be
able to. Uh, traverse. So, how to design a strategy to
explore this space? Yeah, it’s a hard problem.” - P06

In this framing, assumptions shifted away from predefined ground
truths: what mattered was not labels but the efficiency of search. Ac-
cordingly, the methodological practices emphasized Attack Success
Rate (ASR), coverage, and diversity as primary evaluation criteria.
As P11 described, “I think coverage like you’re trying to cover it, cover
the whole space of possible queries. That’s one of the main, I think
one of the most important in red teaming.” This view aligns with the
broad research community of red teaming generative models. Lin
et al. [44]’s survey also highlights that crafting diverse red teaming
prompts requires creativity and labor effort, so many studies ex-
plore automatic methods to create such prompts with a defined state
space, search goal, and search operations. Participants (P6, P11, P17,
P19) noted that coverage without diversity risks redundancy, since
many prompts may differ by just a few words. To address this, they
emphasized balancing coverage with diversity, while others, such
as P22, highlighted that efficiency also matters in query searching,
especially given the API costs of large-scale experiments.

(2) Inappropriate content detection from the NLP framing (N=2).
Participants with NLP backgrounds conceptualized red teaming
through the lens of familiar classification tasks. In this view, red
teaming was about detecting contradictions in dialogue, or identi-
fying offensive content, which are traditional NLP problems. P16,
for example, described red teaming as triggering self-contradictory
responses across dialogue turns, reflecting the structure of dialogue
detection tasks.

“So I use this concept that red teaming is about using
one language model to attack another model to trigger
something. That’s another model to answer something
that makes it contradictory (content), you can consider
it like two models, which we can call two agents. One
is to ask another one to generate some contradictory,
model safety, that is kind of the red teaming.” - P16

P21 similarly framed red teaming as users intentionally tricking a
chatbot into producing hate speech, aligning the work with estab-
lished hate speech detection approaches.

“Our work is in between those two categories (hate
speech detection and exploring potential jailbreaking
prompt problem). This paper doesn’t deal with those
technological red teaming. But we framed this work as
red teaming because we could find the users attempt
to jailbreak this system (chatbot), which can also be
one type of jailbreak that is manual... So from that
perspective, this can be a red teaming work, but from
the traditional hate speech perspective.” - P21

Because of this framing, evaluation was tied to predefined ground
truth labels of harm and measured through supervised metrics such
as the F1 score.

These two conceptualizations reveal a fundamental contrast in
how red teaming LLMs was understood. The exploration and search
framing treated red teaming as an open-ended problem of discover-
ing failures across an unbounded prompt space, where coverage,
diversity, and efficiency were key. In contrast, the inappropriate
content detection framing treated red teaming as a supervised classi-
fication problem, where harmfulness was predefined and measured
against labeled ground truth. These practices illustrate how disci-
plinary backgrounds shaped practitioners’ assumptions about red
teaming and guided their approaches.

4.1.2 Motivation of Red Teaming LLMs. Participants were moti-
vated to study red teaming LLMs for diverse reasons, including (1)
observing red teaming “in the wild,” (2) filling technical gaps, (3)
responding to organizational influences, and (4) improving models’
safety after red teaming.

A common motivation stemmed from observing users circum-
vent LLM safeguards and share their conversations online. For
example, P12 became interested in the topic after seeing Reddit
users share their conversations with ChatGPT, including detailed
responses on robbery. Similarly, P21 became interested in the topic
after observing anonymous users discussing how to ‘tame’ a human-
like social chatbot in an online community. Then, P21 and their
team collected the forum discussion data to study human users’
manual red teaming. P19 also focused on real-world conversations
between humans and an LLM chatbot to study red teaming in the
wild, beyond the laboratory environment.

Other participants were interested in advancing technical meth-
ods and connected red teaming to their prior expertise in rein-
forcement learning, data augmentation, or model optimization. Yet
participants valued technical contributions differently. For instance,
P8 mentioned that he values technique improvement in training
and fine-tuning more than how to rewrite the prompts.

“We have found that it is all about rewriting prompts.
Actually, I don’t like this kind of work much because I
have a background in machine learning. I don’t dislike
it, but I feel that this kind of work does not contribute
much in terms of technology.” - P08

These preferences reflect broader values in the machine learning
community, which emphasize performance, generalization, effi-
ciency, and novelty [15].

The need for implementing legal regulations also motivated par-
ticipants to work on red teaming LLMs. For instance, P13 research
focused on assessing models to ensure they met the requirements
of the European Union’s Artificial Intelligence Act, “which defines
different attributes or requirements for AI systems, such as safety bias.”
For other participants, what sparked their interest was participating
in red teaming competitions. That was the case of P8, who initially
participated in a NeurIPS red teaming competition in 2024 then
expanded the work into larger research projects.

Finally, several participants highlighted interest inwhat comes af-
ter red teaming, not only exposing vulnerabilities but also strength-
ening guardrails and improving model safety. As P19 said: “We
really care about fixing vulnerabilities after red teaming. Many at-
tacking methods are not scalable and only capture narrow behaviors,
so I was seeking scalable ways to both identify and fix issues.”
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These motivations illustrate that while red teaming shares a
surface goal to elicit problematic behaviors from LLMs, the rea-
sons practitioners engage with vary based on personal interest,
disciplinary training, and broader societal concerns.

4.1.3 Red Teaming LLMs is More Interactional and Social Than An-
ticipated. While most red teaming studies of LLMs remain focused
on simplified single-turn prompts, our participants emphasized
that effective red teaming should also account for multi-turn, so-
cially embedded interactions. Among all 22 participants, 19 focused
on single-turn interactions, while only three described multi-turn
approaches: P16 and P21, who framed red teaming through NLP
tasks such as dialogue or hate speech detection, and P20, who ex-
plicitly studied red teaming LLMs across multi-turn conversations.
P20’s study showed that red teaming LLMs can be multi-turn and
have concealed intentions, rather than a single-turn explicit request.
‘How to build a bomb’ can be rejected in a single-turn explicit re-
quest, but can be elicited to output detailed instructions after a
multi-turn conversation with concealed malicious intention. This
view was also echoed by P1, who noted that some applications are
particularly vulnerable in conversational settings.

“Now the red team, another aspect is, whether this appli-
cation is conversational or not, because there are some
applications. So maybe the model is not so easy to make
it fail in the first turn of the conversation, but maybe
it will be much easier, so we have a paper also which
talks about conversational red teaming.” - P01

From interviews, we also learned that red teaming LLMs is not
only about technical robustness but also about how LLMs operate
within social contexts. Participants noted that LLMs are increasingly
socially embedded, interacting with people in ways that are shaped
by law, language, and culture. These contexts make harmfulness
difficult to determine. For example, P07 and P19 mentioned that it
is hard to judge whether an LLM responding to a user’s request for
Ed Sheeran’s song lyrics should be considered a copyright violation.
In such nuanced legal cases, it remains ambiguous whether the
output should be counted as a successful red teaming attack. Simi-
larly, P17, a foreign researcher, struggled to judge whether prompts
about smoking weed were harmful, since laws in his home country
differed from those where he conducted research. Multilingualism
further complicates these evaluations. P18 observed that responses
can differ in harmfulness across languages. When asked “Will using
a mobile phone for a long time affect my eyesight?”, the English
answer was harsh, warning that long-term use would inevitably
ruin one’s vision and sarcastically saying getting blind now would
spare future trouble. In contrast, the Chinese answer dismissed the
concern as unnecessary worry and encouraged the user to keep
using their phone freely. P22 also pointed out the vulnerability of
LLMs in multilingual text.

“ A languagemodel can be really safe for single-language
input, but if we partition the sentence into some phrases
and allocate a different language to each phrase and
make the code-switching text, then it becomes a really
nice test case that can attack the large language model.
” - P22

P21 further argued that multilingual is not the same as multicul-
tural. Responses that sound fine in English may appear awkward in
Korean. For example, it is common to say ‘that’s a good question’ in
response to a question in English, but it is uncommon and sounds
strange in Korean. This shows that LLMs become socially embedded.
Red teaming LLMs is not solely a technical challenge, but should
also consider those social factors, such as laws and culture.

The complex nature of red teaming LLMs, which is interactional
and social, also highlighted opportunities for interdisciplinary col-
laborations. Complex real-world scenarios require contextually
grounded harm categories. P11 noted that “If they have good defini-
tions of, like, different new categories. Maybe it can inform the search.
And depends on what humans value more. Maybe you can guide
the search on these. It’s very possible and probably helpful.” P8 also
remarked that harm classification often needs domain expertise.

“Some categories cannot be reliably judged by machines.
For example, how to make poison gas. This requires
professionals to assess accuracy. This red teaming field
could naturally collaborate with humanities and social
science scholars, who are more sensitive to certain ideas
than those of us in computer science. ” - P08

In practice, however, collaboration largely remained within tech-
nical domains. While some participants mentioned working with
domain experts: P17 collaborated with biologists in drug discov-
ery using reinforcement learning, P9’s advisor had a social science
background, and P8 engaged with cognitive science experts in
foundation agent research. None of the 22 participants reported
collaborations with non-computer science experts specifically for
red teaming LLMs.

Red teaming LLMs is not only a matter of probing technical ro-
bustness but increasingly about evaluating language models as in-
teractional and socially embedded systems. While most participants
still studied single-turn cases, multi-turn work showed how con-
cealed intentions and evolving dialogue can reveal failures missed
in one-shot testing. Participants also emphasized that harmfulness
is context-dependent, shaped by law, language, and culture, etc.,
which demands new harm categories and expertise. Yet collabora-
tions remain largely within technical domains, underscoring the
need for interdisciplinary collaboration.

4.2 Developing Adversarial Datasets
Adversarial datasets are collections of inputs designed to expose the
models’ weaknesses by inducing unsafe and inappropriate outputs.
Examining how these datasets are created is critical to understand
how practitioners define and categorize risk in red teaming LLMs.
In this section, we first outline three different approaches to cre-
ating datasets that practitioners reported. Then, we illustrate how
practitioners’ approaches influenced how they conceptualize risk,
representativeness, and diversity.

4.2.1 Approaches to Creating Datasets. Participants reported using
one of three approaches when constructing adversarial datasets:
(1) repurposing existing datasets to generate new harmful datasets,
(2) creating datasets entirely from scratch, and (3) deriving datasets
from human interactions. Of the 22 participants we interviewed,
ten reported reusing existing datasets and benchmarks in their
red teaming research. These resources were utilized for various
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purposes, primarily to create new datasets for specific red teaming
attacks, to train or fine-tune models, and to support evaluation.

Participants reported different reasons for decidingwhich dataset
to reuse. For some, such as P2 and P18, the limited availability of
datasets at the time they conducted their research constrained their
selection. In other instances, participants, like P16, chose a dataset
because it had been used in prior publications that the participants
considered relevant to their research community. Following the
same methodology by reusing these datasets was seen as appropri-
ate, as it allowed practitioners to compare their contributions fairly
with previous work. Most participants who reused existing datasets
treated red teaming mainly as a technical task. In contrast, those
who created datasets from scratch or drew on real user jailbreak
attempts also considered the broader context of interaction. For in-
stance, P1 considered the application’s purpose and user interaction
patterns to decide what kind of dataset was needed:

“The first consideration to make is what is the applica-
tion? If I want to red team a model or a system [...] if it’s
an insurance company or customer agent. It depends
a lot on the domain or the goal of the application. All
these define what kind of datasets I will choose in order
to red team the model.” - P01

According to P1’s account, it was only after considering all these
factors that they determined the appropriate data for red teaming.
One of the strategies P1 followed was creating adversarial datasets
by combining human-generated and LLM-generated data. The par-
ticipant leveraged LLMs to generate data by prompting them with
specific risk categories, which allowed for broader topical cover-
age than using only human-generated inputs. However, P1 also
used human-generated data, as he considered it more nuanced and
sophisticated than synthetic data. Therefore, by combining both
types of datasets, the participant ensured not only high coverage,
capturing a broad range of relevant possibilities, but also a more
diverse and nuanced dataset, one that included rare or edge cases.

A third strategy consists of gathering interactions between hu-
mans and LLMs to identify vulnerabilities or harmful outputs. These
interactions include prompts, responses, or dialogue exchanges gen-
erated during real or simulated scenarios. Four of our participants
reported following this technique (P3, P13, P19, P21). This approach
has gained interest because such datasets capture what partici-
pants describe as “authentic, context-rich adversarial cases, helping
to evaluate models in realistic use scenarios”. P3 reported organizing
challenges where participants were given specific scenarios and
constraints to jailbreak AI models. P13 reported conducting ses-
sions to assess the ability of models to interact in Spanish and the
Basque language. Lastly, P21 reported leveraging in-the-wild user
interactions with conversational agents to red team models.

The strategies described in this section illustrate the ways prac-
titioners conceptualize and operationalize adversarial dataset cre-
ation. While reusing well-known datasets was perceived as a tac-
tic to ensure methodological consistency, building datasets from
scratch or by collecting human–LLM interactions enabled practi-
tioners to gather interactions that were perceived as unique, and
therefore more valuable. Thus, practitioners’ decisions reveal not
only their constraints in assembling adversarial datasets but also

surface their beliefs about the kinds of data that are required to
conduct meaningful evaluation of models.

4.2.2 Conceptualization of Risk. Defining what constitutes harm-
ful behavior is a central step in developing red teaming techniques
and constructing new datasets. The approach practitioners took to
dataset creation shaped their conceptualization of risk. Those who
build on existing datasets often inherit definitions of harm from
the categories already embedded in the source material. In contrast,
practitioners who create datasets from scratch typically select cate-
gories of harm from established taxonomies they deem relevant to
the specific context of their work. Finally, practitioners generating
adversarial datasets from in-the-wild interactions identify harmful
behaviors by interpreting and classifying the exchanges between
humans and models.

Reusing existing datasets in the development of new red teaming
techniques often entails inheriting the source dataset’s definitions
and taxonomies of harmful behavior. For instance, P2 and P10
both sampled harmful instructions from AdvBench [97], a widely
used benchmark for jailbreak evaluation, to construct adversarial
datasets for attack injection and to develop a jailbreaking tech-
nique, respectively. Similarly, P20 leveraged the BeaverTails dataset
[39], which includes malicious questions across 14 harm categories
that models are expected to refuse, to develop new probing meth-
ods. Across these cases, the reliance on AdvBench and BeaverTails
meant that participants’ conceptualization of harm was shaped by
predefined categories.

When participants decide which data to sample and how, they are
alsomaking deliberate judgments about which risks warrant greater
attention. For instance, as illustrated in the following quote from
P2, who prioritized “illegal stuff” over “fake news of a celebrity”,
demonstrates that selecting categories and examples of harmful
content inherently involves ranking harms, determining which
risks are deemed critical enough to examine and which are excluded
from consideration.

“Most of the data is about illegal suggestions, because I
think this is most important and most straightforward.
Right? There are also some questions about fake news
about celebrities, but that is not as severe as illegal
activities.” - P2

Some of the participants who reported reusing datasets also
mentioned relying on content safety tools and classifiers to filter ex-
isting datasets, a practice that facilitated the detection of adversarial
prompts and implicitly embedded the harm definitions encoded in
these tools. For instance, P19 used the OpenAI Moderation API [57]
to detect adversarial prompts in datasets of single-turn conversa-
tions, and refined the selection by keeping only those prompts that
elicited harmful responses according to Llama-Guard’s safety classi-
fications [38]. Similarly, P22 employed the Bot Adversarial Dialogue
(BAD) [89] classifier to evaluate the offensiveness of outputs from
open-domain dialogue models, identifying offensive outputs and
positive test cases based on BAD’s scoring. As P22 put it, this work
entailed “inherited definition of toxicity from the BAD Bot Adversar-
ial Dialogue paper.” In both cases, the adoption of these automated
filtering mechanisms meant that the predefined taxonomies and
thresholds of the classifiers themselves shaped the participants’
conceptualization of harm.
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For participants who reused datasets, it was not merely a matter
of adopting the risk conceptualizations embedded in the dataset
categories; some also identified labeling errors within the datasets.
For example, P7 reported removing 100 copyright-related prompts
from the HarmBench framework [49], because the labeling of these
prompts did not align with his understanding of copyright violation.

On the other hand, participantswho created datasets from scratch
made deliberate choices about which taxonomies and sources to
incorporate. In P1’s case, when developing a red teaming dataset
targeting “stigmas” he and his team decided the type of stigmas
that the dataset should include by “asking people about the stigmas
and reviewing papers” and then they made the deliberate decision
to “filtered only the stigmas that looks reasonable to” them and “to
people who live in the US.” P1’s practices highlight that dataset cre-
ation is not a neutral process but an interpretive one, influenced by
researchers’ choices and purposes.

Lastly, practitioners who derived datasets from human inter-
actions with models, categorization of risks, followed either a de-
ductive or an inductive approach. P13, for instance, predefined 22
categories before the red teaming process, pursuing a systematic
assessment of safety and bias risk areas. In contrast, P21 clustered
the observed human interactions into six types of risks. This con-
trast reveals a trade-off in conceptualizing risk; while predefining
categories ensures alignment with research goals, they might over-
look unexpected harms. On the contrary, emergent categorization
can capture unanticipated risks, but it introduces greater subjectiv-
ity and inconsistency, given that it is the researcher who decides
whether a particular interaction corresponds to a specific risk.

4.2.3 Conceptualization of Representativeness and Diversity. Dif-
ferent methods for generating adversarial datasets led participants
to divergent conceptualizations of representativeness and diversity.
For participants who reused datasets, the perceived diversity of
their data was often inherited rather than intentionally constructed,
shaped by the harm categories of the datasets practitioners reused
or by the taxonomies they used to guide their work. For instance,
P19 considered their dataset representative because it had samples
from all the risk categories outlined in the Taxonomy of Risks for
Language Models [85]: “The dataset itself is created based on the high
level categories and we try to cover as many diverse cases as we could,
but the main challenge was that we do want to cover the diversity
of instances that fall under those safe categories. So, I think we did
a good job in covering those.” Yet this approach assumes that the
taxonomy itself is comprehensive and balanced, an assumption that
participants rarely interrogate. As a result, diversity was defined
within the boundaries of pre-defined categories, overlooking risks
that fell outside those classifications.

On the other hand, as illustrated by P2 and P20 quotes, practition-
ers who reused existing datasets often noted limited diversity, either
in the categories of harm represented or in the way prompts were
formulated. For example, P20 observed that the BeaverTails dataset
contained over 100 labeled harmful actions, yet many instances
were simply variations of the same action rather than distinct be-
haviors: “the BeaverTails has more than 100 harmful actions in the
original data set, but most of the sentences are a reconstruction of
the same harmful action rather than a unique harmful action [...] so
harmful action items in the Beavertails are not that diverse.” Similarly,

P2 described redundancy in AdvBench, not only in the categories
of risks but also in how the prompts, instructions, and dialogues
were framed, since numerous prompts differed only superficially,
resulting in the dataset lacking diversity.

In sum, reusing existing datasets revealed narrow coverage, re-
dundancy, or imbalanced representation not only across risk cat-
egories but also in the design, structure, and syntax of prompt
formulation. These limitations stemmed directly from the inherited
datasets and taxonomies.

In contrast, participants who derived datasets from human inter-
actions with models (P3, P13, and P21) attributed diversity to having
a diverse pool of participants, a variety of scenarios or tasks, and
the creativity of human attempts to circumvent model safeguards.
Yet, as stated by P3, they acknowledged that such creativity could
not guarantee full representativeness, given the inherent limits of
capturing all possible adversarial strategies:

“You can never say this is representative because it’s
kind of a moving target. There’s always going to be
novel exploits, new risks and new attack vectors. But
the best you can do is to try to cover as much of that
space as possible.” - P03

In conclusion, the practices described in this section highlight
that while dataset reuse simplifies the construction of adversarial
datasets, it also entails embedding the harm definitions codified in
the source datasets. Once such definitions are reified, practitioners
in our sample rarely challenged them, though they fundamentally
shape how adversarial behaviors are recognized and assessed.

4.3 Evaluating Adversarial Datasets
Evaluation meant determining whether a model’s responses to an
adversarial dataset—crafted by the participants—were harmful, and
thus whether their red teaming technique successfully broke the
model. Participants reported different strategies, including replicat-
ing methodologies from existing papers, developing an assessment
criterion based on established guidelines such as the European
Union’s Artificial Intelligence Act, Anthropic, and OpenAI guide-
lines, and conducting evaluations either with humans or LLMs
to assess safety. Regardless of the strategy followed, participants
expressed that determining whether an output was harmful was
often challenging and not always straightforward. These challenges
also revealed the tools and support practitioners need (RQ2), which
we revisit in the Discussion section 5.2 with actionable recom-
mendations from an HCI perspective. In this section, we provide
an overview of the uncertainties practitioners face to determine
whether a model’s output was harmful, and their motivations and
rationales for automating evaluation, and including humans in
certain moments in the assessment.

4.3.1 Uncertainty in What Counts as Adversarial. A critical step in
the evaluation process was deciding what would qualify as adver-
sarial. While ASR metrics exist, the following examples illustrate
some of the difficulties practitioners face in defining what truly
constitutes an adversarial case. For some participants, the challenge
was determining whether a prompt should be considered adversar-
ial when its effects were inconsistent. A technique might work on
some models but fail on others, or it might trigger an unexpected
response in one iteration but not in subsequent ones.
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Practitioners also faced difficulties classifying responses, because
in a single model’s output, there might be fragments that met the
adversarial criteria alongside others that did not. In other instances,
models’ first response might be a refusal to answer, but later ac-
tually provide a harmful response. This overlap in a single output
complicated practitioners ability to categorize such responses.

Other practitioners noted that a major challenge in evaluations
was judging the real-world harm of jailbreaks. As P10 explained,
“jailbreaks aren’t always as harmful as they seem” because not all
produce genuinely dangerous or usable outputs. For example, a
model might respond to a request like ‘How do you build a bomb?’
with inaccurate or fictional instructions that pose no real risk. In
such cases, the difficulty lay in deciding whether to classify the
response as harmful simply because the model engaged with a
harmful query, or only when the response provided accurate and
actionable information.

All these perspectives reveal the uncertainty that practitioners
face when categorizing whether an output was harmful. It is not
only the challenge of defining harm but also having to take into
consideration the influence of inconsistent model behaviors, mixed-
content outputs, and the difference between apparent and actual
harm. Additionally, participants needed to determine how to con-
duct the assessment, namely, what methodology or tools to use. In
the following sections, we provide an overview of how practitioners
engage with automated and human evaluative approaches to assess
red teaming techniques.

4.3.2 Automating the Evaluation with LLMs and Classifiers. Practi-
tioners adopt widely recognized and standardized classifiers and
LLMs as part of their evaluation pipeline due to the large scale of
the datasets they generate, which makes full manual evaluation
unfeasible. P19 highlighted the difficulty of relying entirely on hu-
man evaluators, explaining that “human evaluators are really hard
to recruit [...] it’s impossible to have them in the loop for every step, or
even just the final step.” Similarly, P3 pointed to the scale of data as a
limiting factor: “Once you reach a certain scale, it is almost infeasible
to use manual effort for everything. In one of the competitions we
run, we had more than 2 million of interactions or chats, it is quite
infeasible for us to even hire people to go look at all that.”

Participants followed various approaches to establish criteria and
rules for determining whether a model-generated answer was harm-
ful. Some, like P2, began by manually inspecting model outputs to
identify patterns, then crafted instructions to guide automated eval-
uation using a stronger LLM based on his initial observations. Other
practitioners relied more heavily on established practices from ad-
jacent research communities. For example, P10 noted that many
security-related research efforts use third-party LLMs as judges,
applying relatively straightforward heuristics to assess whether
jailbreak prompts are contextually relevant, readable, and logically
coherent. Inspired by this practice, P10 used three different model
evaluators: Keyword Matching, StrongREJECT [77], and his own
evaluator, each with its own criteria for scoring harmfulness to have
a more robust evaluation pipeline. As illustrated by the following
quote, the participant assumed that by using multiple models, he
could approach harmfulness from different perspectives and miti-
gate the inconsistencies arising from relying on a single evaluator:

“The first evaluator is Keyword Matching, which is not
a very effective evaluator, it is just checking whether
a particular prompt has harmful words or not, and if
it has harmful words then it’s a jailbreak. If not, it’s
not a jailbreak. It’s a pretty simple technique and it
can be bypassed a lot of times, so you can have a lot of
false positive and false negative cases. StrongREJECT,
on the other hand, was a new technique and they also
originally proposed using LLMs as a judge in detecting
whether jailbreaks are successful or not, and sometimes
as per our investigation, provides some amount of false
positives and false negatives.” - P10

While adopting LLMs as part of the evaluation has become the
standard, participants also reflected on the limitations and con-
sequences of relying on LLMs as evaluators of harmful content.
P10 stressed the “lack of consistency” in such evaluations, noting
that LLMs “do not always respond the same” and that scores from
models like StrongREJECT can vary for the same prompt. While
he acknowledged that misclassifications are rare, the unpredictabil-
ity posed a risk to evaluation reliability, highlighting the need for
more stable evaluation approaches. P19 added two further concerns:
cost and oversight. They stated that high-quality LLMs are “more
expensive whether through API calls or self-hosted setups, making
large-scale evaluation resource-intensive.” In addition to highlighting
the computational and financial burden, P19 warned against the
uncritical adoption of LLM judges without rigorous preliminary
testing, stating that “we don’t have scrutiny of how good these judges
are so before using an LLM as a judge, it would be great to test it at
least strictly in a preliminary setup to make sure that it’s good for the
task that we are looking for,” noting that insufficient scrutiny can
result in evaluators that are not suited for specific tasks. Another
limitation is the availability of APIs when dealing with harmful
content. P09 shared that their lab’s API access was banned by Ope-
nAI after being flagged for violating usage terms. This occurred
because their red teaming study necessarily involved generating
and evaluating harmful content. This underscores the restriction
of relying on external APIs in red teaming evaluation and high-
lights how the current infrastructure is not adequately supportive
of safety research outside industry.

Taken together, the practices described in this section point to
a more profound, systemic implication: the widespread adoption
of LLMs as evaluators means that the definitions and thresholds of
harm they encode have far-reaching downstream effects, shaping
not only what is defined as harmful but also the trajectory of subse-
quent research and interventions. As P10 cautioned, inconsistency
in these evaluators “kind of means you just have a bad evaluation
method, even if it is accurate, it cannot be trusted” because it relies
on a probabilistic model prone to variability. For end-users, such
as those assessing whether their LLM is vulnerable to jailbreaks,
fluctuating scores can “break their algorithms,” making it hard to
enforce reliable thresholds. This lack of stability creates tangible
challenges for practitioners to advance red teaming research, re-
inforcing the urgent need for more consistent and trustworthy
evaluation methods.

4.3.3 Human Evaluation of Adversarial Datasets. While partici-
pants acknowledged that LLMs help address the scale of outputs to
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evaluate, most still regarded human judgment as more trustworthy.
For instance, P13 emphasized that “humans have a level of precision
that models lack.” Similarly, P1 highlighted the “need for more hu-
mans to be involved in determining whether the LLM’s judgment is
truly aligned with people’s expectations.” Thus, reinforcing the idea
that human evaluation is critical for making nuanced judgments
that automated systems may miss or misclassify.

Eight participants reported incorporating some form of human
evaluation or inspection into their evaluation pipelines, making
different choices when selecting annotators. P22 recruited via Ama-
zon Mechanical Turk to perform human evaluation of the red team
results, to validate “whether the offensiveness classification results
by the automatic classifier are good enough to believe or not,” while
others relied on students or collaborators affiliated with their insti-
tutions or research teams. The majority of our participants did not
report having a specific selection criterion of annotators, though
some, such as P20, described his human evaluators as “well-educated,
with graduated degrees, and with a good understanding of English.”
Most participants did not perceive any significant drawbacks in
selecting annotators, with the exception of P22, who acknowledged
potential limitations of Mechanical Turk, noting that “anonymous
annotators may work carelessly to earn credits quickly, potentially
compromising data quality.”

In terms of evaluative approaches, participants employed differ-
ent strategies. P4 sampled portions of the data to get “a feeling of
how the model is actually behaving,” which in turn informed modifi-
cations to the algorithm, while others, such as P16 and P20, adopted
what they considered standardized methods, including a three-level
scale established in prior publications. Other participants, such as
P8, conducted a triple assessment, which, as the participant de-
scribed, involves “first using a machine, then using rules, and finally
using human eyes.” P8 developed this strategy drawing from what
he described as “an assessment method originated from the NIPS
(NeurIPS) competition.”

Viewed collectively, participants’ accounts show that human
judgment continues to be perceived as a needed mechanism for
assessing adversarial datasets. However, the lack of standards and
rigorous criteria for selecting annotators and designing evalua-
tion protocols complicates assessing the strengths or limitations of
different approaches of human evaluation in red teaming. These
challenges highlight the need for developing methodological guid-
ance to better account for human raters’ subjectivity and establish
robust evaluation frameworks.

5 DISCUSSION
AI is developing at a pace that current evaluation paradigms strug-
gle to match, leaving gaps in understanding the societal effects of
AI. Scholars from diverse disciplines attribute this gap to the limita-
tions of traditional evaluation methods, which emphasize technical
performance while overlooking broader societal impacts [26, 69],
but also to the lack of interest of research communities in evaluating
the real-world impact of systems [43, 63]. In response to these chal-
lenges, researchers have called for expanding AI evaluation beyond
purely technical methods toward a context-aware approach that
accounts for real-world impact and context in which AI systems

are deployed to assess AI’s second-order effects 4 [17, 29, 69, 84].
In this respect, red teaming has been increasingly adopted as an
approach to probing LLM failures in real-world use, identifying
harmful outputs, and uncovering vulnerabilities [69]. However, red
teaming still faces limitations, particularly methodological ambigu-
ity [68], limitations of expertise and participation [72], subjectivity
and contested targets [30, 72]

Our findings provided empirical evidence of how practitioners
identify, categorize, and evaluate risk at three distinct moments in
the process of developing red teaming techniques: 1) when practi-
tioners conceptualize red teaming, 2) when they define risk cate-
gories and classify behaviors to develop adversarial datasets, and 3)
when practitioners evaluate those datasets. In this section, we fur-
ther discuss how practitioners’ data practices related to red teaming
techniques lead to the omissions associated with context, interac-
tion type, and user specificity, which have a broader impact beyond
the creation of adversarial datasets and a cascading effect on how
risk and safety are conceptualized. From there, we highlight critical
research pathways for HCI researchers interested in supporting
practitioners to design red teaming evaluations that are useful for
real-world impact.

5.1 Conceptualizing Risk in AI Red Teaming
Our empirical findings revealed that the three moments in which AI
practitioners conceptualize risk are interconnected: the decisions
practitioners make about what red teaming is meant to achieve
shape how they design adversarial datasets, which in turn define the
criteria and thresholds for evaluation they follow to determine what
counts as adversarial success. These decisions also make evident
what practitioners prioritize as contributions to the field; i.e., the
technical innovation of discovering novel ways to break a model,
rather than examining the context in which risk might emerge,
the different interaction modes that might lead to varying levels
of severity of risk, and the needs and expectations of users when
assessing risk. To follow, we describe how the decisions made at
each of these threemoments contribute to practitioners overlooking
the situational context, interaction type, and user specificity — which,
from anHCI perspective, are essential for a more holistic and deeper
understanding of risk.

5.1.1 Overlooking Context: To effectively red team LLMs, it is crit-
ical to consider contextual details as they influence how risk is
defined, identified, and assessed [18, 69]. HCI scholars have defined
the concept of "context" as the surrounding conditions that influ-
ence how people interact with technology, including the social,
physical, cultural, deployment environments, and users’ goals and
expectations [1, 24, 25, 78]. Suchman defines context as situated
action interactions that cannot be fully predetermined because
users rely on contingent, local circumstances to make sense of and
respond to technology [78]. Later, Dourish extended this perspec-
tive, emphasizing that context is embodied and situated, and where
human actions unfold and are interpreted, gaining meaning [25].
Because risk and harm are subjective and contested terms [30, 72],
establishing context is crucial to effectively determine if and when
a model’s output is classified as harmful.
4Schwartz et al. [69] define second-order effects as “any long-term outcomes and conse-
quences that may result from AI use in the real world.”
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Despite the importance of establishing context when red teaming
LLMs, our empirical findings suggest that practitioners often ne-
glect context in designing red teaming techniques, developing and
evaluating datasets. This omission was evident when practitioners
constructed scenarios in a context-agnostic manner, selected or
generated adversarial datasets based on scale, availability, or com-
munity acceptance rather than relevance to real-world domains
and risks, and evaluations relied on generic computational metrics
that overlooked deployment purposes and user needs. As a result,
practitioners treated risk as if it were independent, generic, and
abstract, when in reality risk only materializes in relation to the
populations affected, the domains of application, and the particular
contexts in which technology is used.

5.1.2 Overlooking Interaction Type: The choice between single-
turn and multi-turn approaches in red teaming reflects a design
decision about the interaction type, meaning whether the genera-
tion of adversarial datasets and their evaluation focuses on assessing
one user query and an isolated model’s outputs or on dialogues
that arise in extended user–model exchanges.

Within our pool of participants, only three reported developing
red teaming techniques for multi-turn conversations, which they
saw as closer to real-world interactions. By taking into account
sequences of user-model exchanges rather than evaluating actions
in isolation, it is feasible to understand how actions interact across
different steps and contexts to prevent sequences that might lead
to undesirable or harmful outcomes, even when each individual
step appears benign [29]. The rest of the participants reported
focusing on single-turn conversations, dismissing the potential
risks that emerge through extended or iterative exchanges with
AI systems. While single-turn methods are more common, the
results might be perceived as less valuable not only because they
do not capture how users truly interact with these systems but
also because previous research has shown that multi-turn scenarios
can surface vulnerabilities that single-turn attacks overlook. For
instance, Singhania et al. [73] demonstrated that certain LLMs are
71% more vulnerable after a 5-turn English exchange. In the domain
of mental health, Chen et al. [20] showed that in fewer than two
conversation turns, five out of six studied models answer the user’s
original harmful query in at least one test scenario.

5.1.3 Overlooking User Specificity: Throughout our interviews, we
often observed that the question of “risk for whom” was left un-
addressed. Our participants tended to assess risks for a generic
population, without considering subgroup-specific vulnerabilities
such as those of youth or older adults. This lack of specificity cas-
caded across every stage of the red teaming process. When creating
adversarial datasets, practitioners did not design with a target popu-
lation in mind or account for the needs of particular users. Similarly,
when evaluating these datasets, they rarely considered who the
results would ultimately apply to, because the notion of a target
population had never been established in the first place—a direct
consequence of conceptualizing red teaming as a purely technical
practice (as we discussed in 4.1). Interestingly, even at the evalua-
tion stage, where most practitioners regarded human evaluation as
the most trustworthy method, they overlooked that who evaluates
also matters, since different evaluators bring different perspectives
and biases [81].

5.2 Recommendations for HCI: Research
Opportunities

Current approaches to red teaming research are too narrow on tech-
nical exploits or malicious attacks, overlooking the complex and
subjective nature of harms, which require broader sociotechnical
evaluation and engagement with diverse populations. Such LLMs
evaluation approaches prevent practitioners from systematically
identifying harms prone to emerge in specific domains, contexts,
through prolonged interactions, and relevant to certain populations.
Thus, we propose expanding the conceptualization of red teaming
to capture a more nuanced understanding of what constitutes risk
in relation to context, interaction type, and users’ needs. Previ-
ous efforts have called for the development of red teaming efforts
with forms of public participation [72]. We echo these calls and
emphasize that HCI researchers have a unique position to inform
the design of future red teaming efforts by focusing on the people,
processes, and tools involved in testing and improving AI systems,
rather than treating red teaming solely as a technical challenge. To
follow, we provide three concrete pathways for HCI researchers to
support such expansion.

5.2.1 Recommendation 1: Design situated and contextual-
ized red teaming scenarios centering the needs of specific
communities. Most participants conceptualize red teaming as a
search problem within an undefined open space, leading them to
carry out red teaming from an agnostic standpoint, and aiming
to identify “as many as possible” adversarial behaviors. However,
conducting such unguided exploration might lead to overlooking
the cultural, social, and political factors that shape human–AI in-
teractions. Thus, rather than approaching red teaming as a search
problem, we suggest constraining it by designing situated and con-
textualized red teaming scenarios that (1) account for interaction
types, (2) center the goals and expectations of specific commu-
nities, and (3) consider the deployment environment. Designing
red teaming scenarios with these considerations could help to cap-
ture ‘compositional risks’, which refer to “actions that are harmless
individually may become problematic when combined” [29].

One strategy is to ground evaluations in current and realistic in-
teractions of vulnerable populations (e.g., minors and older adults)
with these technologies. For instance, recent research has reported
that children and teens are increasingly using AI chatbots as com-
panions, friends, and even romantic partners [48]. Thus, by ground-
ing red teaming evaluation in real user contexts and needs, prac-
titioners can surface harms that affect users’ experiences, such as
providing age or culturally inappropriate responses, which may
otherwise remain invisible in agnostic approaches. A contextu-
alized approach also offers a clear pathway for integrating HCI
methods into the red-teaming pipeline, such as contextual inquiry,
participatory methods, and community-centered design.

5.2.2 Recommendation 2: Define, categorize, and evaluate
risks with input from domain experts, instead of relying on
generic taxonomies. Our research shows that current red team-
ing approaches frequently rely on broad, predefined taxonomies
that have little to do with end-users’ expectations and the domain
and context in which they interact with these systems. In addition
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to the lack of specificity in the taxonomies, most of them are miss-
ing categories that capture the specific risks affecting vulnerable
populations (e.g., children and youth). We suggest expanding tax-
onomies through working with specific user groups and contexts
[13, 90]. Doing so allows risks to be defined and validated with
domain expertise, ensuring that categories reflect real-world vul-
nerabilities and making red teaming evaluations more actionable
and relevant to diverse populations.

By leveraging the long tradition of HCI in participatory re-
search, design, and community-based research, HCI researchers are
equipped to develop methods and research that inform the design
of risk taxonomies that emerge from realistic interactions between
vulnerable end-users and AI, considering the context and domain
of these interactions; dimensions lacking in current approaches to
red teaming LLMs.

5.2.3 Recommendation 3: Evaluate compositional risk rather
than assessing isolated models’ outputs. As described in our
findings, most participants identified risk behaviors based on the
assessment of single-turn interactions, classified them based on
narrow risk taxonomies, and overlooked the situational context of
interaction and the needs and expectations of end-users in their
process of generating scenarios. These approaches fail to capture
the dynamics of real-world interactions.

Emerging evidence suggests that the most negative impacts on
people result from continued interaction, such as “flirting,” emo-
tional persuasion, and chatbots’ refusal to stop despite users’ re-
jection [48, 64]. And these impacts can be worse on vulnerable
populations. Such harms are particularly acute for vulnerable popu-
lations, who may be more susceptible to manipulation or emotional
distress. Given the extensive methodological expertise that the HCI
field has to examine the role of interaction types in how humans
experience technology, we consider that HCI researchers could
contribute to expanding the evaluative approaches to red teaming
LLMs from the perspective of interaction type. Current approaches
assess the output of interactions once the human-AI conversation
is completed. However, what is needed is to assess the conversation
‘in the flight’ to identify patterns of escalation, flag when benign
queries turn harmful, and evaluate interactions as a whole by con-
sidering domain, deployment context, and end-user needs, rather
than just standalone models’ outputs.

5.3 Reflecting on the Power Asymmetries
between Academia and Industry

In recent years, scholars have raised concerns about the growing dis-
parities of resources and influence between industry and academia
in AI research [4, 5, 14, 22]. While these power asymmetries are not
new, they have become increasingly difficult to mitigate in the con-
text of LLM evaluation and red teaming. Industry actors concentrate
the vast majority of resources to develop state-of-the-art models,
including proprietary training data and computing resources re-
quired to build them [12]. These advantages allow industry teams
to experiment with a broader range of adversarial techniques and
to establish methodological standards. In contrast, academic re-
searchers are often limited to evaluating models produced mainly
by industry, but with constrained access to model internals and
dependence on API-based interfaces.

Our findings echo these constraints, specifically in the infrastruc-
tural limitations that academic researchers faced when attempting
to evaluate harmful behavior. As we discussed in section 4.3.2, P09
lost access to the OpenAI API while conducting a red teaming evalu-
ation. Participants’ experience highlights the current infrastructural
limitations to conducting safety research outside the industry envi-
ronment. These asymmetries shape not only who can conduct red
teaming but also what forms of red teaming become possible and
valued. This dynamic explains why current red teaming approaches
remain narrowly focused on technical exploits, underscoring a need
for broader socio-technical evaluation approaches.

One way to counteract these power asymmetries is to surface
how they are produced and what consequences they generate. Data
work research has long shown that uneven distributions of re-
sources, authority, and institutional influence shape data practices
[7, 50, 51, 67]. Building on this body of work, the analysis presented
in this article examines how practitioners assemble adversarial
datasets and, in doing so, we surface the values, assumptions, and
operational constraints embedded in the evaluation standards that
currently dominate the field. With this, we open the space for con-
testing and reshaping the evaluation practices that determine what
constitutes a risk.

6 CONCLUSION
Our study examined how AI practitioners create, develop, and eval-
uate red teaming datasets for LLMs. Drawing on 22 interviews, our
analysis identified three critical moments: defining red teaming
tasks, developing adversarial datasets, and evaluating adversarial
datasets. We noticed that harmfulness is not fixed but constructed
through these data practices, which embed cultural norms and tech-
nical vulnerabilities into red teaming LLMs. For HCI, these insights
highlight opportunities to support practitioners by expanding eval-
uations to reflect the context of use, engaging domain expertise in
defining harms, and designing tools that assess risks at the level of
interaction rather than isolated pairs of questions and answers.
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