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Abstract

With the rise of generative AI (GenAI), there has been an in-
creased need for participation by large and diverse user bases
in AI evaluation and auditing. GenAI developers are increas-
ingly adopting crowdsourcing approaches to test and audit
their AI products and services. However, it remains an open
question how to design and deploy responsible and effective
crowdsourcing pipelines for AI auditing and evaluation. This
workshop aims to take a step towards bridging this gap. Our
interdisciplinary team of organizers will work with workshop
participants to explore several key questions, such as how
to improve the output quality and workers’ productivity for
GenAI evaluation crowdsourcing tasks compared to discrim-
inative AI systems, how to guide crowds in auditing problem-
atic AI-generated content while managing their psychological
impact, ensuring marginalized voices are heard, and setting
up responsible and effective crowdsourcing pipelines for real-
world GenAI evaluation. We hope this workshop will produce
a research agenda and best practices for designing responsi-
ble crowd-based approaches to AI auditing and evaluation.

Introduction
Human computation and crowdsourcing approaches have
played important roles in advancing AI research and prac-
tices, especially in areas such as data generation and anno-
tation (Bigham, Bernstein, and Adar 2014; Vaughan 2017;
Russakovsky et al. 2015), as well as human- and application-
level evaluation (Vaughan 2017; Anastasiou and Gupta
2011; Zaidan and Callison-Burch 2011; Zhou et al. 2019).
With the recent rise of generative AI (GenAI), many calls
have been made to engage large samples from diverse pop-
ulations in evaluating and auditing generative AI systems
(Feffer et al. 2024; Anthropic 2023; Kenthapadi, Lakkaraju,
and Rajani 2023). This is largely due to the proven abil-
ity of non-experts with relatively low tech-savviness and AI
literacy to uncover problematic AI behaviors that might be
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overlooked by small groups of AI researchers and develop-
ers (Shen et al. 2021; DeVos et al. 2022; Lam et al. 2022).

Recent work has suggested that AI developers often lever-
age crowdsourcing platforms to engage more diverse popu-
lations in testing and auditing their AI systems (Deng et al.
2023a; Wang et al. 2023). With the emergence of generative
AI, which can produce a wide variety of outputs, the need
for crowd workers and diverse citizens to take on the role
of auditors has become even more critical. This necessity is
further underscored by AI red teaming efforts aimed at sys-
tematically testing AI systems to identify toxicities, hallu-
cinations, vulnerabilities, biases, and potential misuse (The
White House 2023; Microsoft 2023). However, it remains
unclear how to establish effective crowdsourcing pipelines
in real-world contexts (Deng et al. 2023a), how to man-
age the psychological impact on crowd workers and citizens
when conducting AI red teaming (Zhang et al. 2024; Pendse
et al. 2024), how to amplify minority voices when aggregat-
ing results (Sap et al. 2019), how to support AI practition-
ers in integrating crowdsourcing pipeline into their existing
working flows (Deng et al. 2022; Yildirim et al. 2023), and
how to fairly compensate crowd workers for auditing and
evaluating GenAI systems (Gray and Suri 2019).

To this end, this workshop aims to explore responsible
and effective crowdsourcing in generative AI evaluation and
auditing. In particular, our goal is to collectively develop a
research agenda and a set of best practices to design and
develop a new generation of responsible crowdsourcing sys-
tems that can effectively engage diverse crowd workers in
evaluating and auditing generative AI.

To achieve this goal, our workshop will bring together an
interdisciplinary organizational team, across academia, in-
dustry, and civil society, with diverse research backgrounds
and practical experience in designing, developing, and de-
ploying crowdsourcing pipelines for AI evaluation and au-
dit. We will build upon previous workshops on relevant top-
ics successfully organized by the current organizers in other
HCI venues such as CHI, CSCW, and FAccT (Deng et al.
2023b; Xiao et al. 2024). We also plan to take notes dur-
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ing the workshop and share the insights generated as a white
paper.

In this workshop, we will aim to explore the following
questions:

• How might we effectively guide and scaffold crowds and
crowd workers in prompting and surfacing harmful AI-
generated content, while managing the psychological im-
pact of generative AI auditing and red-teaming?

• What are some appropriate ways to aggregate the au-
diting and evaluation results from crowds to ensure
marginalized voices are heard and promote the value of
diversity?

• How should we operationalize diversity in ways that con-
stitute responsible practices across the wide range of au-
diting and evaluation tasks?

• How can we set up the crowdsourcing pipeline so that
crowd workers from the crowdsourcing platforms can
conduct GenAI audits and evaluations in more realistic
contexts that are specific to their real world use cases?

• What is the fair compensation for crowd workers who
participate in different types of generative AI audit and
evaluation?

• How might we incentivize crowds to participate in gen-
erative AI audit and evaluation?

• For which kinds of tasks are crowdsourcing pipelines
particularly ill-suited, and how might they be comple-
mented by other auditing or evaluation approaches?

Workshop Format
We plan to accept 15 - 20 participants for our workshop. This
six hours workshop (including two hours lunch and coffee
break) consist of:

• Welcome and Introduction (10:00-10:10am): Organiz-
ers will welcome the participants, present the topic, and
outline the format of the workshop session.

• Lightning talk #1 (10:10-10:20am): Psychological as-
pects for crowd workers conducting AI audits.

• Lightning talk #2 (10:20-10:30am): Diversity in AI au-
dits and evaluation.

• Lightning talk #3 (10:30-10:40am): Mechanisms for
scaffolding AI audits and evaluation.

• Lightning talk #4 (10:40-10:50am): Ecological validity
for using crowdsourcing for AI audits and evaluation.

• Interactive Q/A (10:50-11:30am): Workshop partici-
pants will engage in an interactive Q/A session with the
four lightning talk speakers.

• Lunch break (11:30-1:00pm): Participants will join dif-
ferent break out lunch groups with organizers.

• Focus group activity #1 (1:00-2:00pm): Identify current
practices and challenges.

• Coffee break (2:00-2:30pm).
• Focus group activity #2 (2:30-3:30pm): Explore oppor-

tunities and future research agenda.
• Closing remarks (3:30-4:00pm).

Overall, workshop participants will spend around an hour
listening to talks and three hours on interactive activities. In
particular, the interactive Q/A and group activity facilitated
by the organizers will provide participants with abundant op-
portunities to discuss and exchange ideas. To better engage
participants in identifying current challenges and exploring
future research agendas, we designated 2 hours for group ac-
tivities in the afternoon sessions. We will share the concrete
focus group activity based on the accepted work and the pre-
workshop survey we will send to our participants in advance
of the workshop. Please note that the concrete schedule and
topics of the four lightning talks are tentative.

Recruiting and Dissemination Plan
Submissions to our workshop will be single-blind and re-
viewed and curated by the organizers. We will ensure that
each submission is reviewed by at least two organizers who
have no conflict of interest with the authors.

The submission deadline will be August 21, 2024. We will
notify participants of their acceptance by September 6.

All workshop information and the Call for Participation
will be publicly announced on social media platforms such
as X, LinkedIn, and our workshop website. We also plan to
disseminate the Call for Participation through our personal
networks and email lists. We believe that we can reach a di-
verse group of potential participants, given that the organiz-
ers are from six institutions with diverse backgrounds and
regions. We elaborate on this in the next section.

Diversity
Organizers and lightning speakers of our workshop rep-
resent demographic diversity (e.g., by gender, ethnic/ra-
cial background), disciplinary backgrounds (e.g., Human-
Computer Interaction, Computer Science, Sociology, Pub-
lic Policy, Communication), and institutional diversity
(e.g., academic universities, for-profit industry organiza-
tions, and non-profit research institutes). Our workshop also
encourages diverse viewpoints from interdisciplinary re-
search studies. In our call for paper, we will specifically aim
to engage systematically marginalized or vulnerable com-
munities such as BIPOC, LGBTQIA+, or in non-Western
geographical or cultural contexts in auditing and evaluating
generative AI systems.
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